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Editorial on the Research Topic

Deciphering the role of signature genes in cancer prognosis and
therapy resistance

Despite decades of research on cancer and its effects on patient care, it continues to pose
a significant health challenge. The characterization of the multi-faceted disease is
significantly influenced by tumor angiogenesis and therapy response, which are driven
by genetic and epigenetic alterations. Preventive medicine, therapy design, and
personalized care are interconnected concepts that relate to the variability in molecular
determinants of cancer or gene signatures, which affect prognosis and treatment
strategies. Gene signatures facilitate the recognition and functional characterization
of entities through high-throughput genome and transcriptome analysis, RNA
sequencing methodologies, single-cell omics investigations, and microarray profiling.
The altered expression profile of various gene signatures indicates dysregulated cellular
processes. The irregular expression of the gene-signature profile is directly linked to
enhanced cell proliferation, immune system evasion, disruption of apoptotic pathways,
epithelial to mesenchymal transition, alterations in the tumor microenvironment, and
therapy resistance.

This Research Topic, titled “Deciphering the Role of Signature Genes in Cancer
Prognosis and Therapy Resistance,” focuses on recent advancements in understanding
the genetic signatures that influence cancer progression, as well as their contributions to
therapy resistance and metastatic potential. This Research Topic comprises nine articles:
seven original research articles (Liu et al., Mao et al,, Li et al., Wang et al., Benevides et al.,
Terrones et al., and Sonnemann et al.), one review article (Wu et al.), and one mini review
(Coelho et al.).

The application of immune checkpoint inhibitors (ICIs) has gained widespread
acceptance for the treatment of patients with advanced Hepatocellular carcinoma
(HCC). Liu et al. conducted a study involving 54 patients with hepatocellular carcinoma
(HCC), utilizing SVM-RFE modeling on six immune-related genes (IRGs): CMTM7,
HDACI, HRAS, PSMD1, RAETI1E, and TXLNA. They developed a novel approach to
identify overall survival and the impact of immunotherapy in HCC [1]. A study by Mao
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et al. on HCC identified six survival-related genes (BMI1, CCR3,
CDC25C, CFL1, LDHA, RAC1) associated with the CCL18
signaling pathway. Additionally, enhanced cell proliferation,
migration, and stemness were reported in response to the
overexpression of these six genes [2].

Gastric cancer (GC) is recognized as a prevalent malignancy,
and conventional treatment methods are insufficient for achieving
favorable patient prognoses. Li et al. conducted a study utilizing the
TCGA database to develop a novel prognostic system for gastric
cancer patients. The authors emphasized a notable prognostic
distinction between high and low-risk GC groups, indicating that
risk scoring has a more substantial impact on prognosis than tumor
stage identification in GC. This study is the inaugural effort in
developing a model that emphasizes the significance of platelet-
related genes in gastric cancer progression, metastasis, and
resistance to therapy [3]. A study by Wang et al. developed a
predictive model for glycosylation-related genes to elucidate the
broader implications of immunotherapy for gastric cancer.
GLT8D2 has been identified as a significant prognostic marker
with a robust correlation to Tumor Infiltrating Lymphocytes (TILs),
encompassing CD8+ T cells, CD4+ T cells, Treg cells, B cells,
neutrophils, dendritic cells (DCs), natural killer (NK) cells, and
monocytes, especially macrophages in GC [4].

The expression of long noncoding RNAs (IncRNAs),
particularly HOTAIR, is well-documented in solid tumors. A
study by Benevides et al. investigated the expression of HOTAIR
and PTGS?2 in 87 patients with Chronic Myeloid Leukemia (CML).
Samples of CML exhibit significant downregulation in the
expression of these two genes. Additionally, they emphasized the
inverse correlation between BCR: ABLI expression and HOTAIR
and PTGS2 in CML patients undergoing imatinib treatment,
highlighting the possible regulatory interactions between these
factors in the context of the CML therapy [5].

ROS1+ non-small cell lung cancer (NSCLC) represents a
molecular subgroup comprising approximately 2% of newly
diagnosed lung cancers each year. Terrones et al. conducted an
analysis of the transcriptomic characteristics of ROS1+ NSCLC
samples utilizing data from The Cancer Genome Atlas (TCGA) and
the Gene Expression Omnibus (GEO) databases [6]. The authors
observed an upregulation in pathways related to nucleotide synthesis
and cell adhesion. The downregulation of NOTCHI correlates with the
reduced expression of PD-L1 in ROS1+ NSCLC. This study highlights
the significance of nucleotide synthesis and cell adhesion in elucidating
the pathophysiology of ROS1+ NSCLC [6].

A study by Sonnemann et al. investigated the transcriptional
activator Vestigial-like 1 (VGLLI), elucidating its cellular function
and downstream targets in placental, breast, and pancreatic cancer
cells [7]. The authors conducted ChIP-seq analysis to identify eight
transcription factors with VGLL1-binding motifs. Additionally,
increased expression of VGLL1 was associated with enhanced cell
invasion and proliferation, highlighting its potential as a key player
in cancer progression [7].

The complexity of prostate cancer (PCa) is significantly
influenced by the genetic signature of the individual patient. Wu
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et al. summarize that the progression of prostate cancer (PCa) and its
eventual advancement to therapy resistance and lethality is driven by
the genetic interactions among the androgen receptor (AR),
retinoblastoma (Rb), PTEN, WNT, p53, and MYC. This review
elaborates on the functional and therapeutic potential of these key
genes, which hold promise for future breakthroughs and the
development of novel drugs to tailor treatment options for PCa [8].

Coelho et al. have described urinary mRNA-based biomarkers as
potential tools for studying aggressiveness in non-muscle invasive
bladder cancer (NMIBC), a type characterized by high proliferation
and recurrence [9]. The presence of both shared (IGF2, ANAXA10,
CRH) and exclusive (ABC1 and UPK1B) mRNA-based biomarkers
for NMIBC is proposed to enhance prognosis and inform targeted
therapy design for this type of bladder cancer [9].

This Research Topic will be an essential resource for researchers
investigating the intricacies of hallmark genes in cancer prognosis
and therapeutic resistance. We seek to offer an extensive
understanding of how these genetic fingerprints affect disease
development, treatment response, and resistance mechanisms by
integrating advanced studies and expert insights. We anticipate that
the insights presented in this Research Topic will augment existing
knowledge and stimulate innovative approaches for advancing
cancer diagnostics, prognostication, and therapeutic interventions.
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Introduction: Hepatocellular carcinoma (HCC) is an aggressive malignancy, and
CCL18, a marker of M2 macrophage activation, is often associated with tumor
immune suppression. However, the role of CCL18 and its signaling pathway in
HCC is still limited. Our study focuses on investigating the prognostic impact of
CCL18 and its signaling pathway in HCC patients and biological functions in vitro.

Methods: HCC-related RNA-seq data were obtained from TCGA, ICGC, and
GEOQO. The 6 hub genes with the highest correlation to prognosis were identified
using univariate Cox and LASSO regression analysis. Multivariate Cox regression
analysis was performed to assess their independent prognostic potential and a
nomogram was constructed. In vitro experiments, including CCK8, EdU, RT-
gPCR, western blot, and transwell assays, were conducted to investigate the
biological effects of exogenous CCL18 and 6 hub genes. A core network of highly
expressed proteins in the high-risk group of tumors was constructed. Immune
cell infiltration was evaluated using the ESTIMATE and CIBERSORT packages.
Finally, potential treatments were explored using the OncoPredict package and
CAMP database.

Results: We identified 6 survival-related genes (BMI1, CCR3, CDC25C, CFL1,
LDHA, RAC1) within the CCL18 signaling pathway in HCC patients. A nomogram
was constructed using the TCGA_LIHC cohort to predict patient survival
probability. Exogenous CCL18, as well as overexpression of BMI1, CCR3,
CDC25C, CFL1, LDHA, and RAC1, can promote proliferation, migration,
invasion, stemness, and increased expression of PD-L1 protein in LM3 and
MHCC-97H cell lines. In the high-risk group of patients from the TCGA_LIHC
cohort, immune suppression was observed, with a strong correlation to 21
immune-related genes and suppressive immune cells.

Conclusion: Exogenous CCL18 promotes LM3 and MHCC-97H cells
proliferation, migration, invasion, stemness, and immune evasion. The high
expression of BMI1, CCR3, CDC25C, CFL1, LDHA, and RAC1 can serve as a
biomarkers for immune evasion in HCC.
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Introduction

Liver cancer is the sixth most common primary malignant tumor
and the fourth leading cause of cancer-related death worldwide, with
a five-year survival rate of 21%. Hepatocellular carcinoma (HCC)
accounts for more than 90% of liver cancer cases (1, 2). Although
hepatitis B virus (HBV), hepatitis C virus (HCV), and alcohol remain
important risk factors, the prevalence of obesity and diabetes has
made non-alcoholic fatty liver disease (NAFLD) or non-alcoholic
steatohepatitis (NASH) a dominant risk factor for HCC (3).

HCC presents intricate molecular characteristics and various
pathological subtypes in a more natural manner, and the
recommended treatment strategy for patients with advanced HCC
continues to be systemic therapy, utilizing first-line agents like
Sorafenib and Lenvatinib (3, 4). In recent times, there has been a
growing focus on immune checkpoint inhibitors (ICIs) for the
treatment of HCC. The combination of Atezolizumab (anti-
programmed death-ligand 1) and Bevacizumab (anti-vascular
endothelial growth factor) has emerged as a new standard for
patients with advanced HCC (5), offering a therapy that
modulates the HCC microenvironment. However, it is important
to note that this treatment is only effective in a minority of HCC
patients (6). In this regard, further research is needed to better
understand the tumor microenvironment in HCC. This will allow
for the identification of biomarkers that can be used to develop
personalized treatment strategies.

Tumor microenvironment (TME) is a complex ecosystem that
encompasses diverse immune cells, including dendritic cells (DC),
monocytes, macrophages, B cells, and T cells (7). The TME of HCC
accelerates tumor cell proliferation, invasion, and metastasis by
forming an immunosuppressive environment (8). Tumor-
associated macrophages (TAMs) have a high proportion in HCC

Abbreviations: HCC, hepatocellular carcinoma; CCL18, chemokine ligand 18;
PD-L1, programmed death-ligand 1; HBV, hepatitis B virus; HCV, hepatitis C
virus; NAFLD, non-alcoholic fatty liver disease, NASH, non-alcoholic
steatohepatitis; ICIs, immune checkpoint inhibitors; TME, tumor
microenvironment; DC dendritic cells; TAMs, tumor-associated macrophages;
TCGA, The Cancer Genome Atlas; ICGA, International Cancer Genome
Consortium; GEO, Gene Expression Omnibus; ROC, receiver operating
characteristic; OS, overall survival; RFS, recurrence-free survival; PES,
progression-free survival; DSS, disease-specific survival; DEGs, differentially
expressed genes; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes
and Genomes; PPI, protein-protein interaction; GAPDH, Glyceraldehyde-3-
phosphate dehydrogenase; HR, hazard ration; AUC, area under the curve;
EMT, Epithelial-Mesenchymal Transition; MIR-4, macrophage inflammatory;
PARC, pulmonary and activation-regulated chemokine; DC-CK1, dendritic cell
chemokine 1; AMAC-1, alternative macrophage activation-associated CC

chemokine 1; LDH, lactate dehydrogenase isoenzymes.
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TMEs and contribute to angiogenesis, cancer cell progression, and
treatment resistance (9, 10). Macrophages can be classified into two
main types: M1 and M2. M1 macrophages are involved in the
immune response against cancer cells and express the CD86
marker. On the other hand, M2 macrophages have
immunosuppressive functions and express the CD163 and CD206
markers (11). Of note, Guo et al. demonstrated that there is a
subgroup of M2 macrophages (CD68" CD206") with high
expression of chemokine ligand 18 (CCL18) in the HCC
microenvironment and may be involved in the HCC process (12).

CCL18 is a chemokine secreted by TAMs and serves as a
biomarker for M2 macrophages. It has been shown to promote
tumor cell proliferation and facilitate immune evasion, aiding in the
progression of tumor growth (13, 14). Lin et al. reported that CCL18
can promote HCC cell migration and invasion (15). However, research
on the immunosuppressive effects of CCL18 in HCC is relatively
limited. In this study, we systematically investigated the impact of the
CCL18 signaling pathway on the prognosis of HCC patients.
Consequently, six hub genes associated with prognosis were
determined through bioinformatics analysis. These genes are denoted
as BMI1, CCR3, CDC25C, CFL1, LDHA, and RACI. Subsequently, we
validated the biological functions of exogenous CCL18 and these six
genes in LM3 and MHCC-97H cells through experimental assays.
Then, we conducted immune cell infiltration of high-risk group and
verified the influence of exogenous CCL18 and the expression of hub
genes on PD-LI protein. Eventually, potential treatments were
explored using computational tools. The aim of this research is to
gain a better understanding of the mechanisms underlying the
development of immunosuppressive malignant HCC associated with
CCL18. Identifying relevant tumor biomarkers may serve as a reference
for diagnostic and immunotherapy of HCC.

Materials and methods
Database selection and data acquisition

In this study, we acquired gene expression matrix (RNA-seq) and
clinical information of HCC patients from The Cancer Genome Atlas
(TCGA) (https://portal.gdc.cancer.gov/; TCGA_LIHC; 362 patient
samples), International Cancer Genome Consortium (ICGC)
(https://dcc.icge.org/; ICGC_JP; 230 patient samples), and Gene
Expression Omnibus (GEO) (GSE14520; 225 patient samples)
(Table 1). The tumor samples for RNA-seq included 374 cases for
TCGA_LIHC, 243 cases for ICGC_JP, and 225 cases for GSE14520.
Accordingly, the adjacent normal samples of RNA-seq included 50
cases for TCGA_LIHC, 202 cases for ICGC_JP, and 220 cases for
GSE14520. TCGA_LIHC dataset was used as the internal training
cohort while ICGC_JP and GSE14520 datasets were used as the
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TABLE 1 Clinical characteristics of the HCC patients in this research.

10.3389/fonc.2024.1371990

TCGA_LIHC ICGC_JP GSE14520
Number of tumor patients 362 Number of tumor patients 230 Number of tumor patients 225
Age >=60 198(54.25%) Age >=60 185(80.43%) Age >=60 43(19.11%)
<60 164(45.75%) <60 45(19.57%) <60 178(79.11%)
Gender Male 245(67.12%) Gender Male 170(73.91%) unknow 4
Female 117(32.88%) Female 60(26.09%) Gender Male 191(84.89%)
T_stage T1 178(49.17%) Stage stagel 35(15.22%) Female 30(13.33%)
T2 90(24.86%) stagell 105(45.65%) unknow 4
T3 78(21.55%) stagelll 71(30.87%) TNM_stage stagel 93(41.33%)
T4 13 stagelV 19(8.26%) stagell 77(34.22%)
X 1 stagelll 48(21.33%)
Unknow 2 unknow 6
N_stage NO 247(68.23%) BCLC_stage Stage_A 148(65.78%)
N1 4 Stage_B 22(9.78%)
NX 110(30.39%) Stage_C 29(12.89%)
Unknow 1 unknow 26
M_stage Mo 260(71.82%) CLIP_stage Stage_0 97(43.11%)
Ml 3 Stage_1 74(32.89%)
MX 99(27.35%) Stage_2 35(15.56%)
Stage stagel 168(83.46%) Stage_3 9
stagell 83(22.92%) Stage_4 3
stagelll 83(22.92%) Stage_5 1
stagelV 4 unknow 6
unknow 24

external testing cohorts. GSE14520 dataset was downloaded through
“GEOquery” R package, and clinical data was acquired from the
website. All TCGA_LIHC and ICGC_JP data, gene-expressed profile
and clinical details were manually downloaded from the website.

Meanwhile, 99 genes that are implicated in the CCL18
signaling pathway were obtained from WikiPathways (https://
www.wikipathways.org/) (Table S1). Immune-related genes were
obtained from the ImmPort database (https://www.immport.org/
shared/home).

Identification of hub genes

We utilized the “survival” and “survminer” R packages to perform
univariate Cox regression analysis in the TCGA_LIHC training cohort
with the aim of identifying genes that have a substantial impact on
survival. Consequently, we observed significant variations in the
expression of 39 genes. Subsequently, the “glmnet” R package was
employed to conduct LASSO regression, enabling the selection of the
most crucial variables from this gene set. As a result, a subset of 6 genes,
specifically BMI1, CCR3, CDC25C, CFL1, LDHA, and RACI, were
identified as prominent hub genes.

Construction of prediction model
The multivariate Cox regression analysis was employed using
the 6 hub genes. The risk score for individual patients in

TCGA_LIHC cohort was calculated using the following formula.

n
Risk score = Eizlcoeﬁicient(i) % gene(i)
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In this formula, coefficients were acquired from multivariate
Cox regression, where gene(i) represents mRNA expression. The
patients in both the training and test cohorts were classified into two
groups, namely the high- and low-risk groups, based on the median
value of the risk score. Additionally, we examined whether the risk
score independently served as a prognostic factor. The clinical
characteristics within TCGA_LIHC cohort including age, gender,
M, N, T stage, stage and risk score were analyzed through univariate
and multivariate Cox regression analysis. Analogous analyses were
performed using the ICGC_JP and GSE14520 cohorts.

A predictive nomogram was developed using the 6 hub genes to
estimate the survival probability for individual HCC patients. The
predictive capability of the nomogram was evaluated in both the
training and test cohorts through the utilization of receiver operating
characteristic (ROC) curves and calibration curves. The “rms”,
“timeROC”, and “pROC” R packages were utilized for
these assessments.

Survival and pathway correlation analysis

To evaluate the influence of the six hub genes on the overall
survival rate of TCGA_LIHC cohort, survival curves were generated
using the Kaplan-Meier method from the “survival” R package, and
the median value was taken as the best cut-off. The Kaplan-Meier
Plotter (http://kmplot.com/analysis/) platform was employed to
examine the association between the expression levels of prognostic
genes and various clinical endpoints, including overall survival (OS),
recurrence-free survival (RFES), progression-free survival (PES), and
disease-specific survival (DSS). Additionally, the genes encompassed
within pathways were collected and subjected to analysis using the
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“GSVA” R package, with the parameter method = ‘ssgsea’ being
specifically chosen. Subsequently, the correlation between the
prognostic genes and the pathways was assessed using Spearman
correlation analysis (16).

Functional enrichment analysis and
establishment of a PPl network

The “limma” R package was utilized to identify differentially
expressed genes (DEGs) in the TCGA_LIHC cohort. This included
comparisons between HCC tumor and normal samples, as well as
between high- and low-risk groups (Log2 fold change > 1, p value<
0.05). A total of 308 genes were identified as the intersection
between the genes exhibiting high expression in tumors and the
genes within the high-risk score group. The findings were visually
represented through the utilization of volcano and Venn diagrams

» o«

using “ggvenn”, “tidyverse”, and “ggrepel” R packages, effectively
illustrating the intersection of 308 genes exhibiting high expression
in tumors and the genes within the high-risk score group.

The functional enrichment analysis of DEGs was systematically
performed using the “clusterProfiler” and “org.Hs.eg.db” R
packages, which facilitated Gene Ontology (GO) and Kyoto
Encyclopedia of Genes and Genomes (KEGG) analyses for a
comprehensive understanding of the biological functions
involved. The protein-protein interaction (PPI) network was
meticulously examined utilizing the STRING database (https://
cn.string-db.org/), and a significant molecular cluster was
identified through the application of MODE, a Cytoscape plugin
(Cytoscape software version 3.9.1).

Estimation of immune cell infiltration

The estimation of stromal, immune, and ESTIMATE scores was
performed using the “ESTIMATE” R package, which provides a
computational approach to calculate and quantify the stromal and
immune components within the tumor microenvironment.
Meanwhile, the “CIBERSORT” R package was utilized to estimate
the impact of the risk score on the proportions of 22 immune cell
subtypes in the TCGA_LIHC training cohort.

Drug sensitivity analysis

The “OncoPredict” R package was utilized to predict drug
sensitivity based on gene expression profiles. This approach enabled
the calculation of drug sensitivity values for each sample, with lower
values indicating higher efficacy of the drug. Comprehensive drug
sensitivity analysis was conducted on all samples to determine the
drug sensitivity values for commonly used tumor drugs.

CAMP (https://clue.io/) is an extensive database and analysis
platform that offers valuable resources and tools to delve into and
comprehend gene expression profiles and drug perturbations. In
order to identify potential small-molecule drugs for the treatment of
high-risk patients, we utilized the CAMP online database.
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Specifically, we selected downregulated genes from the pool of
significant genes, as well as upregulated genes from the top 150
genes. By inputting this gene set into the CAMP database, we
conducted a meticulous screening to identify promising small-
molecule drugs capable of modulating the dysregulated gene
expression patterns associated with high-risk patients.

Cell culture and transfection

L02, Huh7, HepG2, LM3 and MHCC-97H cells were purchased
from the Cell Bank of the Chinese Academy of Sciences (Shanghai,
China). Cells were incubated in DMEM medium with 10% fetal
bovine serum (FBS) and maintained in penicillin (100 IU/mL) and
streptomycin (100 mg/mL) in 5% CO2 at 37°C. The plasmids
encoding the BMI1, CCR3, CDC25C, CFL1, LDHA, and RAC1
genes were constructed by cloning the sequence of the coding
region using the appropriate primers (Table S2) and inserting the
fragment into the pcDNA3.1 (+) plasmid. The cells were transfected
with the plasmids using Lipofectamine 2000 Transfection Reagent
(Invitrogen) and then the medium was changed 6h after transfection.

RNA extraction and quantitative real-
time PCR

Total RNA was isolated using the TRIzol (Invitrogen) RNA
extraction method, following the manufacturers’ instructions. qRT-
PCR measurements were performed as described previously (17) with
the appropriate primers listed in Table S3. Glyceraldehyde-3-phosphate
dehydrogenase (GAPDH) was regarded as the internal reference, and
the 274 method was applied to express the ratio of the target gene
expression in the experimental group compared to the control group.

Protein extraction and western blotting

Protein extraction and western blotting analysis were
performed using previously standard procedures (17). The
following antibodies were used for western blotting: anti-E-
cadherin antibody(#20874-1-AP Proteintech, China), anti-N-
cadherin antibody(#22018-1-AP Proteintech, China), anti-ZEBI
antibody(#66279-1-Ig Proteintech, China), anti-Vimentin
antibody(10366-1-AP Proteintech, China), anti-SOX2 antibody
(#11064-1-AP Proteintech, China), anti-GAPDH antibody
(#10494-1-AP Proteintech, China), and anti-PD-L1 antibody
(#66248-1-Ig Proteintech, China).

Proliferation assay

Cell proliferation was detected using the Cell Counting Kit-8
(CCK-8, #K1018, APExBIO, USA) and the EdU cell proliferation
assay kit (#C0071S, Beyotime Biotech, China), following the
manufacturer’s instructions. The colony-formation assay was also
performed to assess cell proliferation. 5000 cells were plated per well
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in triplicate in 6-well plates. The culture medium was changed every
3 days. Once visible clones were observed, each well was washed
with PBS three times, fixed with methanol for 30 minutes at room
temperature, and then stained with 0.05% crystal violet for 30
minutes. After washing, the colonies were counted and imaged.

Migration and invasion assay

According to the published method (18), transwell migration
(without Matrigel) and Matrigel (Matrigel, Corning, China)
invasion assays were performed to evaluate cell migration and
invasion abilities, respectively. Additionally, cell migration was
measured using wound healing assays as previously described (18).

Sphere formation assay

A sphere formation assay was performed to assess the stemness
properties of LM3 and MHCC-97H cells. 1x10° cells were seeded into
the 6-well ultra-low attachment plates (Corning, China) in sphere
formation medium (#CCMO0012, Minneapolis, USA). The cells were
incubated in a CO, incubator for two weeks, and the number of
spheres was counted under a stereomicroscope (Olympus).

Statistical analysis

Statistical analysis was performed using R Studio (R version
4.2.3) and GraphPad Prism 9.0.2. For genes with multiple probes,
the maximum expression was selected. Cox regression analysis was
conducted using the “survival” package to assess the association
between variables and prognosis, including hazard ratios and 95%
confidence intervals (CI). Lasso analysis was employed as a variable
selection method to refine the scope of variables, with the lambda
value chosen for optimal regularization. All data were presented as
the mean and standard error of the mean (mean * SD, n = 3).
GraphPad Prism was used to create bar graphs. A two-tailed
Student’s t-test was used to compare the means between two
groups, and an ANOVA test was used to assess significant
differences among various experimental groups. The p-values in
multiple comparisons were adjusted to control the false discovery
rate (FDR) using the Benjamini-Hochberg method. The OS was
evaluated using a Kaplan-Meier (K-M) curve, with statistical
significance assessed using a log-rank test. The correlation
between two variables conforming to a normal distribution was
calculated employing the Pearson method. P< 0.05 was considered
as statistically significant.

Results
Identification of prognostic-related genes

HCC raw datasets were obtained from the TCGA, ICGC, and
GEO databases. Prior to analysis, these datasets were normalized
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using the log2(TPM + 1) transformation. 99 genes within CCL18
signaling pathway were downloaded from WikiPathways
(Table S1). The expression patterns of these genes in the
TCGA_LIHC cohort (n = 424) were illustrated using a heatmap
(Figure S1A). Next, 39 genes exhibiting significant differences in
hazard ration (HR) were identified from the TCGA_LIHC cohort
by univariate Cox regression analysis (Figure 1A). Six hub genes,
namely BMI1, CCR3, CDC25C, CFL1, LDHA, and RACI, were
identified using Lasso regression analysis (Figures 1B, C). Then,
we compared the expression of these six hub genes in
TCGA_LIHC, ICGC_JP (n = 445), and GSE14520 (n = 445)
cohorts between normal and tumor samples (Figures 1D-I). The
high expression of CCR3 and LDHA in tumor tissue is not
prominent. This study shows that BMI1, CCR3, CDC25C,
CFLI, and RACI1 consistently have higher expression levels,
while LDHA only shows increased expression in ICGC_JP, not
in TCGA_LIHC and GSE14520 cohorts. Additionally, the OS
analysis revealed that patients with high expression of 6 hub genes
exhibited a shorter survival time (Figures 1J-O) in the
TCGA_LIHC cohort. Similarly, the Kaplan-Meier Plotter
analyzed the correlation between the expression of six hub
genes and survival, including OS, RFS, PES, DSS (Figures S1B-
E), and the results basically indicated that hub gene expression is
associated with a poor prognosis in patients with HCC. On the
other hand, the RT-qPCR assay was applied to detect the
expression of hub genes in L02 normal hepatocytes and Huh?7,
HepG2, LM3, and MHCC-97H hepatoma cells (Figure 1P). Six
hub genes were significantly up-regulated in LM3 and MHCC-
97H cell lines, while only BMI1 and CDC25C were up-regulated
in hepG2 cells, and CFL1 and LDHA did not show up-regulation
in Huh7 cells. Additionally, the expression of hub genes was
significantly upregulated upon stimulation with CCL18 in most
HCC cells (Figure 1Q).

Construction and verification of
prognostic model

We calculated the risk score of individual HCC patients in all
cohorts using the following formula: Risk score = [BMI1 expression
x (0.1971976)] + [CCR3 expression x (0.2586062)] + [CDC25C
expression x (0.181479)] + [CFL1 expression x (0.2796217)] +
[LDHA expression x (0.3388622)] + [RACI1 expression X
(0.1223471)]. Applying the median score as the best cut-off value,
patients were divided into two groups: the high- and low-risk group.
The K-M survival curve analysis revealed that the risk score served
as a robust prognostic indicator for HCC patients. Notably, patients
with higher risk scores exhibited significantly worse prognosis
compared to those in the low-risk group (TCGA_LIHC p<0.001;
ICGC_JP p<0.01; GSE14520 p<0.01) (Figures 2A-C).

To assess the potential of the risk score as an independent
prognostic factor, we conducted univariate and multivariate Cox
regression analyses to examine its association with other clinical
characteristics, such as age, gender, and stage. We found that age
and gender were not identified as independent predictors of
prognosis in HCC patients, and the risk score served as an
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Six hub genes associated with prognosis in CCL18 signaling pathway in HCC. (A) Univariate Cox regression analysis for CCL18 signaling pathway-
related genes in TCGA_LIHC training cohort. (B, C) The hub genes (n=6) were determined by the minimum lambda value of the LASSO regression
analysis. (D—I) The heatmaps (D—F) and box plots (G-I) showed the transcription expression of six hub genes in TCGA_LIHC, ICGC_JP, and
GSE14520 cohorts, consistently. (J—0O) Survival analysis showed that all hub genes were associated with shorter survival. (P) RT-gPCR analysis of hub
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independent risk factor for OS in all cohorts (p<0.01)
(Figures 2D-F). Risk score triptychs show the corresponding
risk score, gene expression, and survival status (Figures 2G-I).

Additionally, a predictive nomogram was constructed using
the TCGA_LIHC cohort, incorporating the expression levels of
the six hub genes. This nomogram provided a quantitative
assessment of the 1-, 3-, and 5-year survival rates for each HCC
patient (Figure 2J), thereby offering potential clinical utility. The
ROC curves showed the excellent predictive performance of the
hub genes (Figures 2K-M), with area under the curve (AUC)
values of 0.772 at 1-year, 0.735 at 3-year, and 0.725 at 5-year in the
training cohort (Figure 2K). Moreover, the calibration curves were
drawn to evaluate the consistency between the predictive survival
possibility and the actual probability in TCGA_LIHC, ICGC_JP
and GSE14520 cohorts (Figures S2A-H). These results
highlight the remarkable precision and accuracy of the
constructed nomogram.

10.3389/fonc.2024.1371990

Exogenous CCL18 enhanced HCC cells’
proliferation, migration, invasion and stem
cell-like phenotype

CCL18 exerts distinct effects in various cancer types, demonstrating
its ability to enhance the proliferation of specific malignancies, such as
ovarian cancer and osteosarcoma. Furthermore, CCL18 acts as an
inducer, promoting tumor metastasis'>. However, the effects of
CCL18 on HCC cells have not been deeply studied. Hence, our study
aimed to investigate the effects of exogenous CCL18 on HCC cells.

To investigate the biological functions of CCL18 in LM3 and
MHCC-97H cells, we stimulated the cells with or without 40ng/mL
CCL18 for 48h observed its impact on cell proliferation, migration,
invasion and stemness properties. CCK-8 and EdU assays revealed
that CCL18 promoted the proliferation abilities of LM3 and MHCC-
97H cells (Figures 3A, B). Transwell migration and invasion assays
showed that CCL18 significantly promoted the migration and
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invasion abilities of LM3 and MHCC-97H cells (Figure 3C).
Alterations in the expression of Epithelial-Mesenchymal Transition
(EMT)-associated proteins were detected by western blotting,
indicating that CCL18 facilitated the EMT process (Figure 3D).
Cell stemness was determined by the sphere formation assay
(Figure 3E) and the detection of stemness gene expressions
(Figure 3F). The results suggest that CCL18 promotes stemness of
LM3 and MHCC-97H cells. Taken together, these data collectively
indicate that CCL18 may play a promoting role in HCC cell
proliferation, migration, invasion, and stemness in vitro.

PPI construction of high-risk tumor
samples and functional
enrichment analysis

To investigate the genomic composition of the high-risk group
in tumors, we reanalyzed the TCGA_LIHC cohort. Applying the

10.3389/fonc.2024.1371990

thresholds of p< 0.05 and log2FoldChange > 1, we identified a total
of 2722 DEGs in HCC tumor samples (Figure 4A) and 475 DEGs in
the high-risk group (Figure 4B). By intersecting these two gene sets,
we identified a total of 308 genes (Figure 4C).

Next, to better understand the function and specific mechanism of
these genes, we utilized the “clusterProfiler” R package to conduct GO
and KEGG enrichment analysis. The analysis of biological processes
indicated a significant enrichment of genes specifically expressed in the
high-risk group of tumors in processes such as “mitotic nuclear
division” and “sister chromatid segregation” (Figure 4D).
Furthermore, the analysis of cellular components highlighted the
enrichment of these genes in cellular locations such as the
“chromosomal region” and “spindle” (Figure 4E). Moreover, the
molecular function analysis demonstrated a significant enrichment of
these genes in functions such as “DNA replication origin binding” and
“catalytic activity, acting on DNA” (Figure 4F). Additionally, the
KEGG pathway analysis indicated a significant enrichment of these
genes in pathways such as “cell cycle” and “DNA replication”
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(Figure 4G). Furthermore, the interaction network of the 308 proteins
was analyzed using the STRING database. Subsequently, the MCODE
plugin identified a highly significant cluster consisting of 104 proteins
(Figure 4H). This observation suggests that these 104 proteins play a
crucial role as the main regulatory agents within the high-risk group
of HCC.

Evaluation of immune cell infiltration

The direct chemotactic effect of CCL18 on Treg cells and its role
in modulating the immunosuppressive tumor microenvironment
are well-established (19). Using the ESTIMATE R package, we
performed calculations of the relevant indicators for both the high-
and low-risk groups. Our results revealed no significant differences
in the Stromal Score and ESTIMATE Score values between the
high- and low-risk groups. However, a notable disparity was
observed in the Immune Score values, indicating a significantly
higher level of immune cell infiltration in the tumor samples from
the high-risk group (Figure 5A). This finding provides evidence that
the high-risk group of tumor samples exhibits a greater extent of
immune cell infiltration compared to the low-risk group.

Additionally, the CIBERSORT R package was employed to
investigate the composition of immune cells and explore the
correlation between hub genes and immune cells. The box plots
illustrate the estimated proportions of 22 immune cell types in both
the high- and low-risk groups (Figure 5B). The findings suggest that
immune suppression may indeed occur in the high-risk group of
HCC. This conclusion is supported by the higher relative
abundance of Memory B cells, resting dendritic cells, eosinophils,
MO macrophages, neutrophils, T cells CD4 memory resting, T cells
follicular helper, and Tregs observed in this group. Conversely, the
low-risk group exhibits a higher relative abundance of M2
macrophages, resting mast cells, activated/resting NK cells, resting
T cells CD4 memory, and T cells gamma delta. The scatter plot
shows the proportions of the 22 immune cells at the individual
patient level (Figure 5C). Additionally, the Pearson correlation
coefficient was calculated to assess the correlation between hub
genes and immune cell types (Figure 5D). The Venn diagram
illustrates the high expression of 21 immune-related genes in the
high-risk group of tumor samples (Figure 5E). We computed the
correlation between these genes and immune cell types, and the
results were similar to previous findings (Figure 5F).

Eventually, up-regulation in PD-L1 protein expression was
observed in HCC cells after stimulation of CCL18 (Figure 5G) or
transfection with CCR3, CDC25C, CFL1, LDHA or RAC1 plasmid
(Figure 5H). Together, these results imply that CCL18 signaling
pathway is associated with immune cell infiltration and immune
escape in the HCC microenvironment.

Functional analysis of hub genes on
proliferation, migration, invasion and
stemness of HCC cells

We performed an analysis to examine the correlation between
six hub genes and various signaling pathways. By applying a
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significance threshold of p< 0.05 and |cor| > 0.3, we successfully
identified specific hub genes associated with different pathways.
Within the DNA replication pathway, we found BMI1, CDC25C,
and CFL1 to be the hub genes of interest. Similarly, the G2M
pathway revealed the presence of BMI1, CDC25C, CFL1, and RAC1
as significant hub genes. Moving to the PI3K pathway, our analysis
highlighted BMI1, CCR3, CFL1, and LDHA as the hub genes
involved. Lastly, within the EMT pathway, the hub genes CCR3,
CFL1, and RACI were found to play crucial roles (Figure 6A).

In order to elucidate the biological functions of the hub genes,
various analyses including proliferation, migration, invasion, and
stemness were conducted on HCC cells. Overexpression plasmids
of BMI1, CCR3, CDC25C, CFL1, LDHA, and RAC1 were
constructed and subsequently transfected into LM3 and MHCC-
97H cells. The transfection efficiency was confirmed through qPCR
analysis (Figure 6B). The CCK-8 and EdU assays demonstrated that
all the aforementioned genes played a role in promoting HCC cell
proliferation (Figures 6C, D). Transwell migration and invasion
assays suggested that overexpression of CCR3, LDHA, and RACI
enhanced the migration and invasion abilities of both LM3 and
MHCC-97H cells (Figures 6E, F). The results of the sphere formation
assay revealed that all of the above genes supported the maintenance
of stemness properties in HCC cells (Figure 6G), and the detection of
stemness marker genes suggested that BMI1, CCR3, CDC25C, and
RACI maintained the stemness of LM3 and MHCC-97H cells by
upregulating stemness transcription factors (Figure 6H). Western
blot experiments showed that overexpression of BMI1, CCR3,
CDC25C, CFL1, LDHA, and RACI could induce EMT (Figure 6I).

Together, these results imply that different hub genes are
involved in different processes that contribute to HCC progression.

Identification of candidate agents in high-
risk score patients

To provide better clinical recommendations, we calculated the
sensitivity score of common drugs in TCGA_LIHC patients using the
“OncoPredict” R package. We then calculated the Pearson correlation
between the drug sensitivity score and risk score. Based on a
significance level of p<0.05 and a correlation coefficient of cor>0.3
or cor<-0.6, we selected 14 anti-tumor drugs for horizontal lollipop
mapping (Figures 7A-C). Meanwhile, we utilized the CAMP
database to further predict potential small molecule compounds for
the treatment of high-risk group patients. Based on the lowest scores,
we identified the top 10 ranking compounds as PD-198306,
fenretinide, MK-2206, wortmannin, vemurafenib, WYE-125132,
BMS-754807, selumetinib, BGT-226 and GSK-269962 (Figure 7D).
However, it is important to note that further experimental validation
and in-depth studies are required to confirm the therapeutic potential
and efficacy of these compounds.

Discussion

HCC is a highly malignant cancer that requires immediate
investigation of new therapeutic strategies. Traditional first-line
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plasmid was assessed by RT-qPCR. (C, D) Proliferation of LM3 and MHCC-97H cells after transfection with BMI1, CCR3, CDC25C, CFL1, LDHA and
RAC1 overexpression plasmid for 48h was examined by CCK-8 assays (C) and EdU assays ((D), Scale bar:100 um). (E, F) Migration (E) and invasion (F)
of LM3 and MHCC-97H cells were detected after transfection with BMI1, CCR3, CDC25C, CFL1, LDHA and RAC1 overexpression plasmid for 48h
were detected by Transwell assays. Scale bar:200 um. (G) Sphere-formation abilities of LM3 and MHCC-97H cells were observed after transfection
with BMI1, CCR3, CDC25C, CFL1, LDHA, and RAC1 overexpression plasmids for 48 hours. Scale bar: 200 um. (H) The expression of stemness-related
genes in LM3 and MHCC-97H cells was analyzed after transfection with BMI1, CCR3, CDC25C, CFL1, LDHA, and RAC1 overexpression plasmids for
48h. (I) The protein levels of EMT-related genes in LM3 and MHCC-97H cells were measured after transfection with BMI1, CCR3, CDC25C, CFL1,
LDHA, and RAC1 overexpression plasmids for 48h. All data are shown as the mean + SD. *P<0.05, **P<0.01, ***P<0.001, and ****P<0.0001 by two-
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treatment drugs, such as Sorafenib and Lenvatinib, have only shown
slight improvements in OS, with an extension of approximately 2.8
and 4.4 months (3). Over the past five years, significant
advancements have been made in the field of immunotherapy,
specifically in ICIs. However, in advanced HCC patients,
monotherapy with ICIs has only demonstrated objective response
rates of 15-20%, without any significant improvement in OS.
Furthermore, specific biomarkers for this subgroup of patients
have yet to be identified (20). The tumor microenvironment of
HCC is characterized by a significant presence of non-tumor
stromal cells, including cancer-associated fibroblasts, endothelial
cells, TAMs, B cells, and T cells. These cells play crucial roles in the
progression of cancer (7). Among these cells, our particular focus
lies on the role of macrophages.

CCL18, also known as macrophage inflammatory protein 4
(MIP-4), pulmonary and activation-regulated chemokine (PARC),
dendritic cell chemokine 1 (DC-CK1), and alternative macrophage
activation-associated CC chemokine 1 (AMAC-1), belongs to the
family of CC chemokines and acts as a chemoattractant. CCL18 is
located on chromosome 17 in the human genome and shares the
highest amino acid identity (65%) with CCL3. It encodes a protein
consisting of 89 amino acids, with the mature active form
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comprising 69 amino acids without a terminal alanine at the C-
terminus (13, 21). In recent years, more and more studies have
revealed the existence of multiple subtypes within M1 and M2
macrophages, including further subdivisions of M2 macrophages
into M2a, M2b, M2c, and M2d subgroups (14). However, the
specific M2 macrophage subtype responsible for secreting CCL18
remains to be conclusively determined. The progression of cancer
necessitates evasion of immune surveillance, and CCL18, which is
secreted by M2 macrophages, serves as a hallmark of macrophage
activation. It acts as a chemotactic factor that promotes immune
suppression and immune escape, thereby facilitating tumor
development (13). Studies have demonstrated the crucial role of
CCLI18 in the progression of fibrotic immune diseases (22) and
tumors. CCL18 has been shown to promote immunosuppressive
states and progression in esophageal squamous cell carcinoma (23),
multiple myeloma (24), osteosarcoma (25), ovarian cancer (26), and
renal cell carcinoma (27). In a word, the CCL18 signaling pathway
has demonstrated its prognostic significance in patients
with tumors.

Several gene prognostic models related to signaling pathways
have been reported in HCC, including STING pathway genes (28),
hypoxia-related and immune-associated genes (29), and chromatin
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organization-related genes (30). However, the biological functions
and prognostic impact of CCL18 signaling pathway genes in HCC
remain largely unknown. In this study, we acquired CCL18
signaling pathway-associated genes from the Wikipathway
website and obtained RNA-seq sequencing data of HCC from
publicly available databases such as TCGA, ICGC, and GEO. By
employing a diverse range of well-established bioinformatics
methodologies, we successfully identified six key genes (BMII,
CCR3, CDC25C, CFL1, LDHA, RAC1) that have a substantial
impact on prognosis. Subsequently, we validated the independent
prognostic value of the expression of these genes in predicting the
prognosis of HCC patients through multivariate Cox regression
analysis. Furthermore, we utilized these genes to construct a
nomogram that enables the prediction of patients’ OS rates at 1-,
3-, and 5- years. In summary, these findings provide robust
evidence supporting the prognostic evaluation and personalized
treatment of HCC, thereby contributing to the enhancement of
patients’ survival rates and treatment efficacy. Additionally, we
analyzed the core protein network of highly expressed proteins in
the high-risk group and compared the differences in immune cell
infiltration between the high- and low-risk groups. The results
revealed a higher proportion of immune-inhibitory cells in the
high-risk group, suggesting that the overexpression of these hub
genes indeed induces immune suppression in tumors. In the
experimental section, we investigated the effects of exogenous
CCL18 on the biological functions of LM3 and MHCC-97H cells.
We observed that exogenous CCL18 promoted cell proliferation,
migration, invasion, and stemness. Additionally, by overexpressing
hub genes in the cell lines, we identified that BMI1, CCR3,
CDC25C, CFL1, LDHA, and RACI1 participated in promoting
different functions of HCC cells. Furthermore, we discovered that
both exogenous CCL18 and overexpression of CCR3, CDC25C,
CFL1, LDHA, and RACI1 could induce the expression of PDLI in
the HCC cell lines, which is consistent with the occurrence of
immune suppression in HCC. However, the molecular processes
and regulatory mechanisms underlying these findings require
further investigation in future studies.

BMI]1, a polycomb-group protein, is involved in the regulation
of embryonic development and DNA damage repair. It is also an
oncogene, with dysregulated expression frequently associated with
various cancers. H. Wang et al. discovered that exogenous CCL18
can promote the up-regulation of OCT4 and BMI1 mRNA and
protein expression (31). Moreover, up-regulation of BMI1
expression in HCC has been linked to its role in blocking the
INK4a/ARF locus, NF-xB signaling pathway, and TGFf2/SMAD
signaling axis, while simultaneously activating the Wnt/f-catenin
signaling axis, thereby promoting the development of HCC (32).
Inhibition of BMII has been shown to enhance immune checkpoint
blockade in CCA cells (33). Additionally, BMI1 has been implicated
in promoting breast cancer (34) and endometrial cancer (35).

The role of CCR3 in tumor cells is relatively limited, as it is
primarily highly expressed in inflammatory cells such as mast cells,
eosinophils, basophils, and Th2 cells. It plays a significant role in
inflammatory responses (36). CCL18 acts as a neutral CCR3
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antagonist. CCR3 exerts its functions through various ligands. In
breast cancer, it promotes cancer progression through the CCL5-
CCR3 axis (37). Compared to primary prostate tumors, CCR3
exhibits high expression in bone and visceral metastases,
potentially exerting its effects via the CCR3/CCL7 axis (38). In
renal cell carcinoma, CCR3 facilitates tumor proliferation and
metastasis through the CCL11/CCR3 axis (39).

CDC25C is one of the three isoforms of the CDC25 phosphatase
family, and it plays a crucial role in regulating the G2/M transition and
mediating DNA damage repair during cell division. Extensive research
has demonstrated that abnormal expression of CDC25C is associated
with the progression of various types of cancer (40). CFL1, a 166-amino
acid phosphoprotein, is one of the five components representing actin-
binding proteins. It regulates the polymerization and depolymerization
of F-actin and G-actin (41). Similarly, CFL1 also contributes to the
proliferation, invasion, and metastasis of malignant tumors (42-44).
The lactate dehydrogenase isoenzymes (LDH) are tetramers composed
of LDHA and LDHB, and their aberrant expression is often associated
with cellular metabolism and tumor progression. Chen et al. discovered
that the expression of LDHA was upregulated and LDHB was
downregulated in prostate cancer cells by exogenous CCL18 at both
mRNA and protein levels (45). In addition, LDHA can also serve as a
biomarker for various malignant tumors (46-48). RACI, a small GTP-
binding protein, belongs to the Rac subfamily of the Rho GTPase
family, and it is involved in various biological functions, including
regulating cell migration, signal transduction, and promoting cell
polarization. Lihong Shi et al. discovered that elevated levels of
CCL18 promote lymph node metastasis and distant metastasis in
NSCLC patients. They demonstrated that CCL18 activates RAC1 to
regulate cellular migration and invasion, ultimately leading to
cytoskeletal remodeling in vitro (49). RACI has been extensively
discussed for its role in promoting proliferation, participating in
angiogenesis, facilitating tumor migration and invasion, as well as its
involvement in stemness in tumor cells (50).

Immunotherapy remains a promising trend for HCC patients in
the future. In our study, we found that exogenous CCL18, as well as
CCR3, CDC25C, CFL1, LDHA or RACI plasmid could promote the
production of PD-LI protein in LM3 and MHCC-97H cells. This
suggests that immune suppression may occur as a result.
Furthermore, the high-risk group derived from the six hub genes
also exhibits a positive correlation with immune-suppressive cells
such as Treg cells.

Our study provides the first systematic elucidation of the six hub
genes in the CCL18 signaling pathway that impact the prognosis of
HCC patients. Additionally, we constructed a protein-protein
interaction network of key proteins in the high-risk group and
analyzed the immune cell infiltration in the high-risk group. These
findings contribute to our understanding of immune evasion genes
in HCC.

Our study has several limitations. Firstly, in terms of variable
selection, it would be advantageous to explore a range of machine
learning methods, such as random forest and support vector
machines, to enhance the accuracy of our analysis. Secondly,
among the identified hub genes, CDC25C, CFL1, and LDHA are
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primarily associated with abnormal physiological activities, such as
cytoskeletal dynamics, cellular respiration, and cell replication and
proliferation, rather than directly interacting with the CCL18
chemokine. Lastly, in our cellular experiments, we have primarily
focused on functional experiments related to gene overexpression.
To further deepen our understanding, future investigations should
include knockdown and rescue experiments.

Conclusion

In summary, our study conducted a comprehensive analysis of the
prognostic impact of six hub genes within the CCL18 signaling
pathway in HCC patients. Our investigation demonstrated that
exogenous CCL18 enhances key oncogenic processes in HCC cell
lines LM3 and MHCC-97H, including proliferation, migration,
invasion, and up-regulation of the immune-suppressive marker PD-
L1 protein. We also investigated the functions of six key genes,
revealing their potential involvement in liver cancer development.
We further identified 21 immune-related genes that exhibit strong
correlations with immune suppressive cells. Collectively, these findings
significantly contribute to our understanding of immune evasion
within the tumor microenvironment and the underlying oncogenic
processes in HCC patients.
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Because of the considerable tumor heterogeneity in gastric cancer (GC), only a
limited group of patients experiences positive outcomes from immunotherapy.
Herein, we aim to develop predictive models related to glycosylation genes to
provide a more comprehensive understanding of immunotherapy for GC. RNA
sequencing (RNA-seq) data and corresponding clinical outcomes were obtained
from GEO and TCGA databases, and glycosylation-related genes were obtained
from GlycoGene DataBase. We identified 48 differentially expressed glycosylation-
related genes and established a prognostic model (seven prognosis genes
including GLT8D2, GALNT6, ST3GAL6, GALNT15, GBGTI1, FUT2, GXYLT2) based
on these glycosylation-related genes using the results from Cox regression
analysis. We found that these glycosylation-related genes revealed a robust
correlation with the abundance of Tumor Infiltrating Lymphocytes (TILs),
especially the GLT8D2 which is associated with many TILs. Finally, we employed
immunohistochemistry and Multiplex Immunohistochemical to discover that
GLT8D2 serves as a valuable prognostic biomarker in GC and is closely
associated with macrophage-related markers. Collectively, we established a
prognostic model based on glycosylation-related genes to provide a more
comprehensive understanding of prediction for GC prognosis, and identified that
GLT8D2 is closely correlated with adverse prognosis and may underscore its role in
regulating immune cell infiltration in GC patients.
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1 Introduction

According to the 2020 Global Cancer Report, GC is one of the
most prevalent malignancies worldwide, ranking fourth in mortality
and fifth in morbidity (1). At present, a significant number of GC
patients are diagnosed at an advanced tumor stage, resulting in a
poor prognosis (2). Immunotherapy has emerged as a prominent
therapeutic approach for advanced GC patients and has
demonstrated remarkable efficacy (3). However, the efficacy of
immunotherapy is limited due to the substantial tumor
heterogeneity in GC, as only a small subset of patients benefited
from immunotherapy, which is potentially linked to the immune
microenvironment of tumors. Therefore, identifying useful
biomarkers for immune checkpoint inhibitors and developing
novel immunotherapeutic strategies are urgently needed.

The development of GC is a multifaceted process influenced by
various factors, including environmental stimuli, epigenetic
mechanisms, and protein modifications. Glycosylation represents
a prevalent form of protein modification closely intertwined with
numerous tumorigenesis processes. In GC, the glycosylation
landscape is dramatically altered, often as a result of
dysregulation of glycosyltransferases, glycosidases, and other
related enzymes. Research indicates that overexpression of GnT-V
induces mislocalization of E-cadherin within GC cells, consequently
compromising its functionality (4, 5). In contrast, GnT-III can
counteract the activity of GnT-V by regulating the glycosylation
modification of E-cadherin (4). GALNTI10 exhibited a positive
correlation with the histological type and degree of differentiation
in GC (6). GALNT2 mediates O-glycosylation of EGFR, resulting in
reduced EGFR phosphorylation and inhibition of the EGFR-Akt
signaling pathway, thereby impeding the onset and progression of
GC (7). This suggests that glycosylation plays an important role in
the occurrence and development of GC.

Acknowledging the pivotal role of glycosylation in GC
pathogenesis, significant endeavors have been undertaken to
delineate glycosylated gene profiles and assess their efficacy as
diagnostic and therapeutic biomarkers. Currently, certain
glycoprotein and glycan-associated biomarkers (referred to as
carbohydrate biomarkers) are employed in human cancer screening,
diagnosis, and treatment, including CA19-9, carcinoembryonic
antigen (CEA), CA125, AFP, and HER2 (8). Glycosylation patterns
also hold significant potential in guiding personalized treatment
approaches. Expression of certain glycosylation genes correlates with
response to chemotherapy, targeted agents, and immunotherapy. For
instance, elevated expression of the sialyltransferase ST6GalNAcl1 is
linked to resistance against trastuzumab in HER2-positive GC (9).
Hence, elucidating the precise pathological regulatory mechanisms
underlying glycosylation modifications in GC may pave the way for
novel avenues in the comprehensive treatment of GC.

Glycosylation plays a role in numerous cancer-related biological
processes, yet the involvement of tumor glycosylation in immune
evasion is often overlooked (10-12). Aberrant tumor glycosylation
can alter the way of immune system perceives tumors, thus driving
immune suppression within the tumor microenvironment (13-15).
Previous studies have indicated that glycosylated histones of tumor
cells can interact with lectin receptors expressed by immune cells,
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such as Sialic Acid-Binding Immunoglobulin-like Lectins (SIGLECs)
and Macrophage Galactose-Specific Lectin (MGL), to mediate
immune evasion. O-glycosylation of MUCI1, CD43, and CD45, as
well as the glycolipids GM2 and GD2, which carry terminal N-
acetylglucosamine, can interact with MGL on macrophages, leading
to increased IL-10 production and the induction of effector T-cell
apoptosis, driving immune suppression processes (16). On the other
hand, N-glycans stabilize PD-L1 by reducing proteasomal
degradation, thereby enhancing its immune inhibitory activity (17,
18). However, the function and mechanism of glycosylation in the
immune evasion of GC remain unclear. Therefore, gaining insights
into the interplay between glycosylation and immune cell infiltration
could offer a more comprehensive perspective on the effectiveness of
cancer immunotherapy.

Investigations into prognostic signatures linked to glycosylation
in cancer have yielded promising results in various malignancies,
including hepatocellular carcinoma, clear cell renal cell carcinoma,
and pancreatic cancer (19-21). However, similar investigations in
the context of GC are scarce. Previous studies have explored cancer-
related prognostic signatures associated with glycosylation in GC,
these investigations have primarily focused on a restricted set of
pertinent genes, possibly neglecting other critical components
within the immune microenvironment. Moreover, these studies
have largely remained confined to bioinformatics analysis without
employing pertinent experimental validation methods, resulting in
a gap in our comprehension of specific glycosylation-related genes
influencing the prognosis and immune status of GC. Therefore, it is
imperative to systematically analyze the relationship between
glycosylation and GC, and to further explore potential novel
prognostic biomarkers and therapeutic targets.

In this study, we conducted a systematic profiling of expression data
specific to STAD and correlated clinical outcomes sourced from both
The Cancer Genome Atlas (TCGA) and GEO databases. Additionally,
we identified glycosylation-related genes utilizing data extracted from
the GlycoGene DataBase. Then, we evaluated the differentially
expressed glycosylation-related genes between GC tissues and
adjacent normal tissues, screened for signatures associated with
survival, and established a prognostic model based on glycosylation-
related genes to predict the prognosis of GC patients. Furthermore, we
explored the prognostic value of glycosyltransferase 8 domain-
containing 2 (GLT8D2) and its potential predictive role in
immunotherapy efficacy via the Tumor Immune Estimation Resource
(TIMER) and immunohistochemistry. This study revealed the
association between glycosylation and the immune microenvironment
in GC and the possible connection and mechanism by which GLT8D2
may regulate TILs. High expression of GLT8D2 promotes the
proliferation and migration of GC cells, and was also shown to be
associated with a worse prognosis in GC patients.

2 Methods
2.1 Data source

RNA sequencing (RNA-seq) data for stomach adenocarcinoma
(STAD), referred to as TCGA-STAD, were obtained from the
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TCGA database (https://portal.gdc.cancer.gov/). Additional data,
including counts and fragments per kilobase of transcript per
million mapped reads (FPKMs), as well as clinical information
corresponding to the respective patients, were also obtained. The
RNA expression data, which included the GSE19826, GSE26899,
GSE54129, GSE84433 and GSE84437 datasets and contained
normal and tumor tissues, were downloaded from the GEO
database (https://www.ncbi.nlm.nih.gov/geo). To ensure data
standardization, all the information was subjected to quantile
normalization and transformed into a log2 scale. When multiple
probes were used to detect a single gene symbol, the mean
expression levels were calculated for analysis. Therefore, a total of
170 glycosylation-related genes obtained from the GlycoGene
DataBase (GGDB; https://acgg.asia/ggdb2/) were selected as
candidate genes. This study adhered to the publication guidelines
stipulated by the GEO and TCGA databases.

2.2 Differentially expressed glycosylation-
related genes

The identification of differentially expressed genes (DEGs)
between tumor and adjacent normal tissues was conducted using
the GEO datasets GSE19826, GSE26899 and GSE54129. This analysis
was performed within the RStudio environment (version 1.2.5001)
using the “limma” package, applying the following cutoff criteria for
adjustment: p value < 0.05 and |log2FC| = 1. Subsequently, the
“heatmap” package was used to visualize the magnitude of differences
across the three datasets. A Venn diagram was subsequently drawn
from the selected glycosylation-related genes to determine the
intersection between the candidate genes and the DEGs.

Afterwards, functional analysis was performed using the
Metascape Online platform (https://Metascape.org/gp/
index.html#/main/stepl) (22). The differentially expressed
glycosylation-related genes were input into Metascape for
comprehensive functional analysis, including the construction of
a protein—protein interaction (PPI) network. We applied the
MCODE algorithm to identify densely connected regions within
the network. A significance threshold of p < 0.05 was used for this
analysis. Furthermore, functional enrichment analysis was also
conducted to assess the biological functions of the differentially
expressed glycosylation-related genes using Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses.
The criteria for GO term enrichment and KEGG signaling pathway
enrichment were set at FDR < 0.05. The 10 most significant GO
terms and KEGG signaling pathways were subsequently visualized
using the R package “ggplot2”.

2.3 Construction and validation of the
glycosylation-related gene
prognostic model

The present study utilized the TCGA-STAD and GEO datasets

(GSE84433 and GSE84437, respectively) to develop a prognostic
signature based on glycosylation-related genes. The TCGA-STAD
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cohort served as the training cohort, while the GEO datasets
GSE84433 and GSE84437 were used as the validation cohort.
Univariate Cox analysis of overall survival (OS) was initially
conducted to identify glycosylation-related genes associated with
OS, considering a p value <0.05 to indicate statistical significance.
Subsequently, the optimal model relying on prognosis-related
glycosylation-related genes was identified using the Least
Absolute Shrinkage and Selection Operator (LASSO) penalized
Cox proportional hazards regression method through the R
package “glmnet”. The signature was then established using these
independent prognostic genes in accordance with their respective
coefficients. Patients were divided into two groups according to the
median risk score: low-risk and high-risk. Survival comparisons
between the low-risk and high-risk groups were conducted using
Kaplan-Meier (K-M) survival curves generated with the R
package “survival”.

2.4 Clinical relevance investigation and
prognostic nomogram construction

To furnish a quantitative predictive tool for assessing survival
risk in GC patients, a nomogram was developed using differentially
expressed glycosylation-related genes and clinical parameters.
Additionally, calibration curves were generated to compare the
predictive outcomes with actual survival data, thereby evaluating
the predictive accuracy of the nomograms. The construction of the
nomogram and the calibration curves was accomplished using the R
package “rms”.

2.5 Tumor immune estimation
resource database

The TIMER2.0 (https://timer.cistrome.org/) is a web-based
interactive platform designed for comprehensive immune
infiltration analysis across various malignancies. Six advanced
algorithms were used to provide a more robust assessment of TILs
levels using data from the TCGA and other tumor-related datasets.
In this study, we investigated the associations between GLT8D2
expression and the expression of gene markers specific to TILs,
namely, CD8+ and CD4+ T cells, B cells, monocytes, natural killer
(NK) cells, dendritic cells (DCs), tumor-associated macrophages
(TAMs), M1 macrophages, M2 macrophages and neutrophils,
using correlation modules. To visualize the expression patterns
between pairs of custom genes in GC and determine the statistical
significance of the correlations, Spearman’s correlation coefficients
were computed, and expression dispersion maps were generated.
The gene expression levels are represented as log2 RSEM values.

2.6 TISIDB

TISIDB (http://cis.hku.hk/TISIDB/index.php) is an online
platform that integrates diverse data sources to explore the intricate
interplay between tumors and the immune system. This database
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proves invaluable for shedding light on the interactions between
tumors and immune cells, predicting responses to immunotherapy,
and identifying novel targets for inmunotherapeutic interventions. It is
a valuable resource for advancing research and therapies in the field of
cancer immunology. In this study, we harnessed the ability of TISIDB
to investigate the correlation between GLT8D2 and a comprehensive
set of immune components, such as 28 TILs, in the context of GC.

2.7 Immunohistochemistry and
multiplex immunohistochemical

This study entailed the analysis of 150 paraffin-embedded GC
specimens and 30 normal specimens procured from the Shanghai
Outdo Biotech Company between January 2010 and December 2015.
The inclusion criteria stipulated that all samples were acquired from
patients with histologically confirmed gastric adenocarcinoma and
validated by expert gastrointestinal pathologists. Patient records
comprised comprehensive data encompassing age, sex, tumor
location, TNM stage, histological grade, Lauren’s classification,
treatment history, and detailed follow-up information for survival
analysis. The exclusion criteria encompassed patients who had
undergone chemotherapy or radiotherapy before surgery and those
with synchronous or metachronous malignancies. Multiplex
Immunohistochemistry (PANOVUE kit, #10234100050) was
employed to assess the expression levels of GLT8D2 and CD68,
aiming to establish a correlation between GLT8D2 expression and
CD68 expression. Anti-GLT8D2 (1:1000 dilution; Bioss, bs-8302R)
and anti-CD68 (1:2000 dilution; Cell Signaling Technology, #97778)
antibodies were utilized. Immunohistochemistry was carried out
according to the DAB kit of Fujian Maxim Company (DAB-0031),
Anti-GLT8D2 (1:100 dilution; Bioss, bs-8302R) antibody was used.
Staining intensities were classified into four categories: negative (-),
weak (+), moderate (++), and strong (+++).

2.8 Cell transfection and lentiviral infection

Gastric cancer cell line AGS, purchased from the Cell Bank of
Chinese Academy of Sciences (Shanghai), was used in this study
and treated with DMEM/F12 (Gibco, CAT# C11330500BT, Beijing,
China) medium combined with 10% fetal bovine serum FBS (Gibco,
CAT# 10099141C, Beijing, China). China). GeneChem(Shanghai,
China) provided the GLT8D2-knockdown lentiviral vector.
GLT8D2 was cloned into GV341 vector (GeneChem, Shanghai,
China) to construct GLT8D2 lentiviral expression vector. Lentivirus
transduction was generated and purified according to the
manufacturer’s instructions. Puromycin (2 pg/ml) was added to
screen the transgenic cells.

2.9 Cell viability, colony formation, and
wound healing assays

A quantity ranging from 1000 to 1500 cells were evenly
distributed across the wells of 96-well culture plates.
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Subsequently, the assessment of cell viability was carried out
using a Cell Counting Kit-8 (CCK-8) (Beyotime, CAT# C0048M)
following a 2-hour incubation period at 37°C. This evaluation was
conducted at multiple time points, specifically 0, 24, 48, and 72
hours post-seeding, in strict adherence to the guidelines provided by
the manufacturer. In colony formation assays, 500 cells were seeded
per well in six-well plates for experiments, and the cells were
cultured for two weeks. Subsequently, the colonies were fixed
with 4% paraformaldehyde for 15 minutes and stained with
crystal violet (Beyotime Biotechnology, CAT# C0121) for 15
minutes. In the wound healing assays, we used cell culture dishes
to create a defined wound and observed the migration capability of
the cells during the healing process. At specific time intervals (0 h,
12 h, and 24 h), we documented and measured the extent of wound
closure to assess the cell migration and healing ability.

2.10 Cell migration assays

Migration assays were carried out using transwell plates with 8-
um pores. In the migration assay, cells were placed in the top
compartment with 0.2 ml of serum-free medium, while 0.8 ml of
culture media supplemented with 10% fetal bovine serum was
added to the bottom chamber. After the cells were incubated for
24 hours, they were fixed with 4% paraformaldehyde for 15 minutes
and subsequently stained with crystal violet for 15 minutes.
Unmigrated cells were then removed from the top layer using
cotton swabs. Migrating cells were observed and imaged using a 10x
microscope (Olympus CKX53).

2.11 Statistical analysis

Statistical analyses were performed using the Statistical Package
for the Social Sciences (SPSS, version 26.0) and GraphPad Prism
(version 8.0). K-M plots were generated to construct survival
curves. In these KM plots, as well as in the analysis conducted
using the TIMER2.0 and TISIDB tools, hazard ratios (HRs) and p
values were computed using the log-rank test. Spearman’s
correlation coefficient was utilized to evaluate the correlation
between GLT8D?2 expression and immune infiltration. Univariate
and multivariate Cox regression analyses were executed with the R
package “survival”, providing HRs along with their corresponding
95% confidence intervals (CIs). Additionally, the differences among
various clinical factors were evaluated using independent t tests,
with statistical significance denoted by a p value < 0.05.

3 Results

3.1 Differentially expressed glycosylation-
related gene signatures in GC

The GEO datasets used in this study are provided in

Supplementary Table S1. After conducting the differential gene
analysis, a total of 984 dysregulated genes were identified from the
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GEO dataset GSE19826, with 338 genes exhibiting upregulation and
646 genes exhibiting downregulation (Figure 1A). Additionally,
from the GEO dataset GSE26899, 527 dysregulated genes were
found, consisting of 174 upregulated genes and 353 downregulated
genes (Figure 1B). Finally, the GEO dataset GSE54129 yielded 2,583
dysregulated genes, of which 1,134 genes were upregulated and
1449 genes were downregulated (Figure 1C). Furthermore, the
dysregulated genes in the three aforementioned datasets were
visualized in a more intuitive manner using volcano plots
(Figures 1D-F). The glycosylation genes obtained from the
GlycoGene DataBase were experimentally validated and are listed
in Supplementary Table S2. To obtain the “differentially expressed
glycosylation-related genes”, the differentially expressed genes
(DEGs) from the GEO datasets were compared with the
glycosylation-related gene set using a Venn diagram, which
revealed 48 intersecting glycosylation-related genes among the
four datasets (Figure 1G).

To investigate the mechanisms underlying glycosylation
signatures in GC, a comprehensive functional analysis was
conducted using Metascape Online. Our findings indicated that
the dysregulated glycosylation genes are primarily associated with
various biological processes, such as the response to glycoprotein
biosynthetic process, O-glycan processing, carbohydrate metabolic
process, and metabolism of carbohydrates, as revealed by Gene
Ontology (GO) analysis (Figure 2A). Moreover, KEGG pathway
analysis also demonstrated that these dysregulated glycosylation
genes were significantly enriched in pathways related to

10.3389/fimmu.2024.1370367

glycoprotein biosynthetic process, O-glycan and N-linked
glycosylation, and cellular polysaccharide metabolic process
(Figure 2B). These results prompted us to explore the correlation
between the glycosylation gene set and the progression of GC.
Furthermore, through the utilization of the protein—protein
interaction (PPI) network and the MCODE plugin in Metascape
Online, we identified significant modules within these
glycosyltransferase genes (Figure 2C). Module 1 included FUT2,
FUT3, FUT4, FUT9, GCNT2, BAGALTI, B4GALT4, B3GNT3, and
ST3GAL6. Module 2 includes GCNTI, GALNT7, GALNTI2,
B3GNT6, and ST6GALNACI. By utilizing the TCGA database, we
found that the most enriched terms in terms of biological process
(BP), cellular component (CC), and molecular function (MF) were

»
>

“transferase activity”, “Golgi stack”, and “glycoprotein biosynthetic
process”, respectively (Figure 2D). Moreover, functional
enrichment analysis revealed that the signaling pathway most
relevant to the glycosyltransferase genes was O-glycan

biosynthesis (Figure 2E).

3.2 The establishment and verification of a
glycosylation-related prognostic model

Initially, the genes significantly associated with prognosis were
detected through the application of univariate Cox regression
analysis. As depicted in Figures 3A-I, nine glycosylation-related
genes were identified as prognostic genes: GLT8D2, CHSY3,
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GALNT6, ST3GAL6, GALNT15, GBGT1, FUT2, B4GALNT3, and
GXYLT2. Figure 3] displays a forest plot presenting the outcomes of
the univariate Cox regression analysis. Therefore, a prognostic
model was established based on the Cox regression coefficient as
follows: risk score= [expression level of FUT2 x (-0.11)] +
[expression level of ST3GAL6 x 0.26] + [expression level of
GALNT6 x (-0.03)] + [expression level of GALNT15 x 0.01] +
[expression level of GLT8D2 x 0.14] + [expression level of GXYLT2
x 0.01] + [expression level of GBGT1 x (-0.05)].

3.3 The predictive model construction for
GC patients

In the training cohort, LASSO regression was adopted to
analyze the data according to the univariate analysis procedure
described above (Figure 4A). After conducting calculations that
involved combining the coefficients from the LASSO analysis with
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the levels of gene expression, we identified a set of seven prognostic
genes: GLT8D2, GALNT6, ST3GAL6, GALNTI15, GBGTI, FUT2,
and GXYLT2 (Figure 4B). Employing these seven genes, we
computed an individualized risk score for each patient, and the
threshold for distinguishing between the high-risk and low-risk
categories was established at the median value (Figure 4C). This
study revealed that OS was significantly worse in high-risk patients
than in low-risk patients in the TCGA training set (Figure 4D,
P<0.05). Similar results were obtained in the validation sets
GSE84433 and GSE84437 (Figure 4D, P<0.05).

3.4 Construction of the nomogram

A predictive glycosylation-related prognostic nomogram was
established via multivariate analysis. Therefore, using seven
prognostic genes and certain clinicopathological factors, we
developed a prognostic nomogram that serves as a valuable
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K—M plots and forest plot of glycosylation-related prognostic factors. (A—I) Kaplan—Meier plots showing the glycosylation-related genes with
prognostic value. (J) Forest plot showing the results of the univariate Cox regression analyses.

quantitative tool for predicting the survival prospects of individual
patients (Figure 5A). Furthermore, the predictive accuracy for
overall survival was evaluated via calibration curves. Importantly,
the calibration curves of this prognostic nomogram demonstrated
excellent agreement between the predicted and actual survival rates
at the 1-, 3-, and 5-year milestones across the entire TCGA
cohort (Figure 5B).

3.5 Correlation between immune
infiltration and GLT8D2 expression in GC

Immune cell infiltration is crucial in tumor progression.
Therefore, to further explore the association of glycosylation-
related genes with immunity, correlation analysis was conducted
between seven glycosylation-related genes and immune functions
via the TISIDB platform. As shown in Figure 6A, these
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glycosylation-related genes were strongly correlated with the
abundance of TILs, especially GLT8D2, which is associated with
many TILs.

As such, we utilized the TIMER platform to evaluate the
association between GLT8D2 expression and immune cell
infiltration in STAD. GLT8D2 expression was adversely
correlated with the purity of the STAD cells (rho = -0.17, p <
0.00088). Our findings revealed a robust correlation between
GLT8D2 and TILs. Specifically, a high level of GLT8D2
expression was positively associated with the degree of infiltration
by various immune cell populations, including macrophages (rho =
0.744), CD8" T cells (rho = 0.403), CD4" T cells (rho = 0.26), B cells
(rho = 0.276), monocytes (rtho = 0.464), neutrophils (rho = 0.345),
T-cell regulatory cells (rho = 0.276), NK cells (rho = 0.219), and
myeloid dendritic cells (rho = 0.54) (Figure 6B). Importantly, all p
values were markedly less than 0.001. The TCGA database was also
used to assess the difference in immune cells between patients with
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high- or low-grade GLT8D2 tumors. Similar results were obtained
(Figure 6C). These findings collectively underscore the pivotal role
of GLT8D2 in orchestrating immune infiltration within the context
of GC.

3.6 GLT8D2 expression is correlated with
macrophage-related marker expression
and poor prognosis in GC patients

Evidently, GLT8D2 exhibited a significant correlation with a
majority of the marker sets associated with tumor-associated
macrophages (TAMs), M1-type macrophages, and M2-type
macrophages in STAD. Specifically, this study revealed strong
correlations between GLT8D2 and TAM markers, including
CD68, chemokine ligand (CCL)-2 and Interleukin 10 (IL10), in
STAD. Additionally, GLT8D2 displayed robust correlations with
M1 phenotype markers, such as Interferon Regulatory Factor 5
(IRF5) and Prostaglandin-Endoperoxide Synthase 2 (PTGS2), as
well as with M2 phenotype markers, including CD163, V-Set and
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Immunoglobulin Domain Containing 4 (VSIG4), and Membrane
Spanning 4-Domains A4A (MS4A4A) (Figures 7A-C). All p values
were markedly less than 0.001. Moreover, we employed a multiplex
immunohistochemical approach to assess the correlation between
GLT8D2 and CD68 expression. Our findings demonstrated that
elevated GLT8D2 expression was associated with increased CD68
infiltration (Figure 7D). Concurrently, we investigated the
relationship between GLT8D2 expression and clinicopathological
characteristics in GC patients via immunohistochemistry (IHC)
(Table 1). By scoring the staining intensity, we classified the
expression levels of GLT8D2 into four groups: negative (-), weak
(+), moderate (++) and strong (+++) staining (Figure 8A). The
results of this study indicated that high GLT8D2 expression was
correlated with poorer OS and disease-free survival (DFS) in GC
patients (Figures 8B, C). Furthermore, univariate and multivariate
Cox proportional hazards regression analyses of OS and DFS in GC
patients revealed that GLT8D2 was an independent prognostic risk
factor (Tables 2, 3). Consequently, our findings support the
assertion that GLT8D2 is a valuable prognostic biomarker in GC
and is closely associated with immune infiltration.
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3.7 GLT8D2 knockdown blocks the
proliferation and metastasis of GC cells
in vitro

To gain a deeper understanding of the impact of GLT8D2 in
GC, we explored phenotypic alterations in GC cells following
GLT8D2 knockdown. The effectiveness of GLT8D2 knockdown
was verified by western blotting (Figure 9A). Colony formation
assays and cell viability demonstrated a reduction in the clonogenic
capacity of GC cells following GLT8D2 knockdown (Figures 9B, C).
Furthermore, the wound healing assay revealed wider wounds after
the same 24-hour interval in the GLT8D2 deficiency groups than in
the shCtrl group (Figure 9D). In addition, GLT8D2 knockdown
significantly diminished the migratory ability of GC cells, as
evidenced by cell migration assays (Figure 9E). Collectively, these
findings indicate a pivotal role for GLT8D?2 in the proliferation and
migration of GC cells.

4 Discussion

Increasing evidence indicates that glycosylation plays a pivotal
role in tumorigenesis and the efficacy of cancer treatments. In the
present study, we focused on glycosylation-related genes and
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investigated their impact on the prognosis of GC patients. Our
objective was to elucidate glycosylation-related prognostic models
and their relationship with the GC immune microenvironment,
aiming to further identify potential biomarkers for prognosis
assessment and targeted therapy. A comprehensive bioinformatics
study was subsequently performed to systematically analyze
glycosylation-related genes associated with poor prognosis in GC
patients, and a glycosylation-based prognostic model was
established by using the GEO, TCGA, and GlycoGene databases.
Additionally, we showed that high expression of GLT8D2 was
associated with poor prognosis in GC patients and revealed novel
insights into the key role of GLT8D2, which may serve as a
prognostic biomarker associated with immune infiltration in GC.
Glycosylation plays a role in numerous cancer-related biological
processes, including inflammation, immune surveillance, cell-cell
adhesion (4, 5), cell-matrix interactions (23), intercellular and
intracellular signal transduction (24-27), and cellular metabolism
(28, 29). Tumor classification studies based on glycosylation-related
gene expression profiles have begun to emerge (30-32). Subtypes of
colorectal cancer patients with poor prognoses have been identified
using glycan gene markers, among which the loss of GALNT6 gene
expression has been associated with cancer cell invasion and
chemoresistance and has been highlighted as a prognostic
biomarker (33). Research has indicated that the overexpression of
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GnT-V results in the mislocalization of E-cadherin within GC cells,
leading to functional impairment. The primary mechanism involves
the addition of N-glycan chains with B-1,6-GlcNAc branches
mediated by GnT-V to E-cadherin, promoting incorrect assembly
and ineffective adhesive connections, thereby affecting cell-cell
adhesion and subsequently contributing to tumor metastasis (4,
5). Therefore, exploring the biological significance of glycosylation
in GC is advantageous for deciphering the pathological regulatory
mechanisms involved in cancer biology, which may help in
identifying novel biomarkers for prognosis and targeted therapy.
In this study, we analyzed DEGs from the GEO datasets
GSE19826, GSE26899, and GSE75241 and intersected them with a
glycosylation-related gene set obtained from the GlycoGene
DataBase, resulting in the identification of 48 glycosylation-related
genes. Subsequently, functional analysis of these 48 glycosylation-
related genes revealed that these genes were associated with various
biological processes, including the response to glycoprotein
biosynthetic processes and O-glycan processing. We also employed
univariate Cox and multivariateCox regression analyses to identify 9
out of 48 adverseprognosis-associated glycosylation-related genes and
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establish a glycosylation-based prognostic model. Among these
proteins, GALNT6 has been reported to promote the occurrence of
breast cancer through abnormal glycosylation of the mucin protein
MUCI (34). In addition, previous research has revealed that the
hypermethylation of ST3GALS is strongly correlated with Epstein-
Barr virus-associated gastric carcinomas (35). In addition, GXYLT2
has also been reported to be a potential diagnostic and prognostic
biomarker for GC by bioinformatics analysis (36). This study
discovered that GLT8D2 is highly expressed in GC and is closely
associated with poor prognosis by bioinformatics analysis and clinical
samples. Cellular functional studies also suggested that GLT8D2
affects the proliferation and migration of GC cells. As a
glycosyltransferase, GLT8D2 may modify the substrate protein by
glycosylation, thereby affecting its stability, localization, interaction
and activity, and then regulate the occurrence and development of
tumors (24-27). Moreover, glycosylation is essential for the function
of adhesion molecules such as integrins and cadherins on the cell
membrane (27). Abnormal expression of GLT8D2 may affect the
glycan modification of these molecules, reduce the adhesion of cells to
the extracellular matrix, enhance cell migration and invasion, and
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GLT8D2 expression is correlated with macrophage-related marker expression and poor prognosis in GC patients. (A—C) Associations between
GLT8D2 expression and macrophage-related markers, including tumor-associated macrophages (TAMs), M1-type macrophages, and M2-type
macrophages, in STAD according to TIMER analysis. (D) Multiplex immunohistochemical staining showing the correlation between GLT8D2 (red) and

CD68 (white) expression

promote tumor spread and growth. These studies suggest that
glycosylation-related genes especially GLT8D2 may play a crucial
role in the development and progression of GC. Therefore, we believe
that our study may contribute to providing new insights into
GC treatment.

In the cancer microenvironment, TILs have been demonstrated
to play a crucial role in the initiation and progression of cancer (37-
39). They may show the characteristics of promoting or inhibiting
tumor growth in different types of cancer and different stages of the
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same type of cancer (40, 41). For CD8+ CTLs (cytotoxic T
lymphocytes), they act as tumor suppressors by triggering a
cytolytic reaction by recognizing tumor-specific antigens presented
by the major histocompatibility complex (MHC) (42). In addition,
regulatory T cells (Tregs) and myeloid-derived suppressor cells
(MDSCs) can create an immunosuppressive tumor
microenvironment by secreting inhibitory cytokines (such as IL-10
and TGF-p), depleting trophic factors, and directly inhibiting effector
T cell function, thereby promoting tumor progression (43).
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TABLE 1 Associations of GLT8D2 expression with clinical parameters in
GC patients.

Characteristic GLT8D2

Low (%)

High (%)

Age (years) 0.077
<60 37(50.7) 36(49.3)
=60 28(36.4) 49(63.6)

Gender 0.848
Male 40(44.0) 51(56.0)
Female 25(42.4) 34(57.6)

Tumor size 0.174
<5 cm 41(47.7) 45(52.3)
>5 cm 23(36.5) 40(63.5)

Borrmann type 0.981
I-1T 11(42.3) 15(57.7)
-1V 37(42.0) 61(58.0)

Differentiation 0.004
Well+ moderate 22(64.7) 12(35.3)
poor 34(35.8) 61(64.2)

PTNM stage 0.030
I-11 32(54.2) 27(45.8)
-1V 33(36.3) 58(63.7)

Depth of invasion 0.023
T1/2 20(60.6) 13(39.4)
T3/4 45(38.5) 72(61.5)

Lymph node metastasis 0.13
NO 26(52.0) 24(48.0)
N+ 39(30.0) 61(70.0)

Distant metastasis 0.272
Mo 61(45.2) 74(54.8)
M1 4(26.7) 11(73.3)

CEA level (ug/L) 0.155
<5 57(46.0) 67(54.0)
>5 8(30.8) 18(69.2)

LVI 0.027
Yes 10(27.0) 27(73.0)
No 48(48.0) 52(52.0)

PNI 0.046
Yes 3(18.8) 13(81.3)
No 53(44.9) 65(55.1)

Bold values indicate P < 0.05.
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Consequently, we observed a robust correlation between
glycosylation-related genes and immune-infiltrating cells. To ensure
the depth and practical applicability of our research, it is imperative to
focus on the comprehensive exploration of the most promising or
scientifically significant genes in subsequent studies. Subsequently,
our analysis revealed that the GLT8D2 gene, a novel
glycosyltransferase situated on chromosomal region 12q23.3,
exhibited noteworthy correlations and biological significance across
multiple dimensions. Previous research revealed that GLT8D?2 is
involved in the pathogenesis of nonalcoholic fatty liver disease
(NAFLD) by negatively regulating microsomal triglyceride transfer
protein (MTP) in HepG2 cells (44), and the GLT8D2/FGFR/PI3K/
AKT signaling axis was found to be a significant contributor to
platinum-based chemotherapy resistance in ovarian cancer (45).
However, the biological functions and association with immune
infiltration of GLT8D2 in GC remain unclear.

Thus, we systematically investigated the association between
GLT8D2 expression and the degree of immune infiltration in GC.
Our study revealed strong correlations between GLT8D2 expression
and TILs, including CD8" T cells, CD4" T cells, Treg cells, B cells,
neutrophils, dendritic cells (DCs), natural killer (NK) cells, and
monocytes, particularly macrophages. Macrophages are a distinct
type of immune cell classified into M1 and M2 subtypes and play
critical roles in angiogenesis (46), invasion (47), and antitumor
immunity (48). Additionally, our research demonstrated the
association between GLT8D2 expression and macrophage
markers in GC via TIMER. Clearly, GLT8D2 expression was
strongly correlated with TAM markers, including CD68, CCL-2
and IL10. Moreover, by employing an immunohistochemical
approach, this study demonstrated that elevated GLT8D2
expression was associated with increased CD68 infiltration and
led to poor prognosis in GC patients. This suggested that GLT8D2-
regulated TILs mainly play a role in promoting tumor progression,
and the mechanism may be related to the immune escape caused by
galactose-specific lectin (MGL) of macrophages, which can leading
to increased IL-10 production and the induction of effector T-cell
apoptosis, driving immune suppression processes (16). These
findings discovered that GLT8D2 may potentially regulate TAM
polarization, which could enhance the effectiveness of
immunotherapy by targeting GLT8D2. High expression of
GLT8D2 was also shown to be associated with a worse prognosis
in GC patients. Taken together, these findings indicate that
GLT8D2 plays a significant role in recruiting and modulating
TILs in GC. Further investigations into the molecular
mechanisms and functions of GLT8D?2 in regulating macrophages
are warranted and will provide additional insights.

5 Conclusions

Our study established a prognostic model based on
glycosylation-related genes, which could contribute to assisting in
clinical decision-making by predicting patient outcomes and
recognizing responsiveness to particular therapies. Furthermore,
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GLT8D?2 serves as a valuable prognostic biomarker in GC. (A) Immunohistochemistry image showing GLT8D2 expression based on the
immunohistochemical score. Patients were classified into four groups: negative (=), weak (+), moderate (++) and strong (+++) staining.
(B—C) Relationships between GLT8D2 expression and overall survival (OS) (B) or disease-free survival (DFS) (C) outcomes in GC patients.

TABLE 2 Univariate and multivariate analyses for OS in GC patients.

Variable Univariate Multivariate

95%Cl 95%Cl

Age (years)

>60 vs.<60 ‘ 0.633 ‘ 0.346-1.155 0.136 ‘
‘ Gender

Male vs. Female ‘ 1.921 ‘ 1.079-1.3.419 0.026 ‘ 1.946 1.127-3.361 0.017
‘ Tumor size

>5 cm vs. <5 cm ‘ 1.774 ‘ 0.958-3.284 0.068 ‘ 1.866 1.060-3.285 0.031

Borrmann type

TII-IV vs. I-1T ‘ 3.327 ‘ 1.107-9.998 0.032 ‘ 3.999 1.344-11.89 0.013

Differentiation

poor vs. 0.5922 0.27-1.297 0.190
Well+ moderate

Depth of invasion

T3-4 vs. T1-2 ‘ 4.368 ‘ 0.568-33.594 0.157 ‘

Lymph node metastasis

N+ vs. NO ‘ 4.050 ‘ 1.632-10.048 0.003 ‘ 4.815 2.05-11.306 0.001

(Continued)
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TABLE 2 Continued

Variable Univariate

95%Cl

10.3389/fimmu.2024.1370367

Multivariate

95%Cl

CEA level (ug/L)

>5vs. <5 ‘ 1.052 ‘ 0.498-2.223 0.895
‘ LVI
Present vs. none ‘ 1.291 ‘ 0.680-2.453 0.435
‘ PNI
Present vs. none ‘ 1.047 ‘ 0.372-2.944 0.931
‘ GLT8D2
High vs. Low ‘ 2.165 ‘ 1.149-4.078 0.017 2.078 1.155-3.738 0.015

Bold values indicate P < 0.05.

TABLE 3 Univariate and multivariate analyses for DFS in GC patients.

Variable Univariate

95%Cl

Multivariate

95%ClI

Age (years)

260 vs.<60 0.672 0.367-1.231 0.672
‘ Gender
Male vs. Female 1.675 0.950-2.952 0.074 1.752 1.015-3.023 0.044
Tumor size
>5 cm vs. <5 cm 1.832 0.981-3.421 0.058 2.008 1.133-3.557 0.017
‘ Borrmann type
I-1V vs. I-1T 3.332 1.114-9.962 0.031 3.976 1.339-11.81 0.013
‘ Differentiation
Poor vs. 0.622 0.287-1.347 0.229
Well+ moderate
‘ Depth of invasion
T3-4 vs. T1-2 4.532 ‘ 0.591-34.738 ‘ 0.146 ‘ ‘
‘ Lymph node metastasis
N+ vs. NO 3.981 ‘ 1.608-9.855 ‘ 0.003 ‘ 5.062 ‘ 2.157-11.88 0.001
‘ CEA level (ug/L)
>5 vs. <5 0.961 ‘ 0.459-2.012 ‘ 0.915 ‘ ‘
‘ LVI
Present vs. none 1.708 ‘ 0.906-3.222 ‘ 0.098 ‘ ‘
‘ PNI
Present vs. none 0.885 ‘ 0.317-2.475 ‘ 0.836 ‘ ‘
‘ GLT8D2
High vs. Low 2.142 ‘ 1.149-3.993 ‘ 0.017 ‘ 2.091 ‘ 1.167-3.748 0.013

Bold values indicate P < 0.05.
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GLT8D2 knockdown blocks the proliferation and metastasis of GC cells in vitro. (A) Evaluation of the efficiency of shRNA via Western blotting.

(B) Colony formation assays showing the clonogenic capacity of GC cells following GLT8D2 knockdown. (C) Cells growth ability after GLT8D2
knockdown were determined by CCK8 assay. (D) The wound healing assay showing the migration ability of GC cells following GLT8D2 knockdown.
(E) Transwell assay showing the migratory capacity of GC cells following GLT8D2 knockdown.

increased expression of GLT8D?2 is closely correlated with adverse
prognosis and may underscore its role in regulating immune cell
infiltration in GC patients, shedding new light on its potential key
role as a prognostic biomarker related to immune infiltration in GC.
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Introduction: Vestigial-like 1 (VGLL1) is a co-transcriptional activator that binds
to TEA domain-containing transcription factors (TEADs). Its expression is
upregulated in a variety of aggressive cancer types, including pancreatic and
basal-like breast cancer, and increased transcription of VGLL1 is strongly
correlated with poor prognosis and decreased overall patient survival. In
normal tissues, VGLL1 is most highly expressed within placental trophoblast
cells, which share the common attributes of rapid cellular proliferation and
invasion with tumor cells. The impact of VGLL1 in cancer has not been fully
elucidated and no VGLL1-targeted therapy currently exists.

Methods: The aim of this study was to evaluate the cellular function and
downstream genomic targets of VGLL1 in placental, pancreatic, and breast
cancer cells. Functional assays were employed to assess the role of VGLL1 in
cellular invasion and proliferation, and ChIP-seq and RNAseq assays were
performed to identify VGLL1 target genes and potential impact using
pathway analysis.

Results: ChlP-seq analysis identified eight transcription factors with a VGLL1-
binding motif that were common between all three cell types, including TEAD1-
4, AP-1, and GATAG6, and revealed ~3,000 shared genes with which VGLL1
interacts. Furthermore, increased VGLL1 expression led to an enhancement of
cellinvasion and proliferation, which was supported by RNAseq analysis showing
transcriptional changes in several genes known to be involved in these processes.
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Discussion: This work expands our mechanistic understanding of VGLL1 function
in tumor cells and provides a strong rationale for developing VGLL1-targeted
therapies for treating cancer patients.
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Introduction

Vestigial-like 1 (VGLL1) is a mammalian co-transcriptional
activator that has been shown to play an important role in placental
development and is also highly expressed in various cancer types. It
was first discovered as a co-transcriptional activator in drosophila
called Vestigial (vg), where it functions as a key master regulator of
wing development (1, 2). Substitution of drosophila vg with the
human ortholog VGLLI (previously designated tondu) rescued
wing development, underscoring the high level of conservation of
this gene and its encoded protein (2). Studies over the past decade
have begun illuminating the role of mammalian VGLL1 and have
focused largely on two broad areas of developmental biology:
normal placental development and tumorigenesis. VGLLI is
expressed at a low to negligible level in most normal tissues but
demonstrates by far the highest expression in placental trophoblasts
(3-5). These cells are highly proliferative and invasive, attributes
that are critical for embryonic implantation (6, 7). Although little is
known about the precise role VGLL1 plays in placental
development, aberrantly elevated expression of this gene has also
been observed in several aggressive cancer types. Pancreatic, triple
negative breast, gastric, and HPV-related cancers such as ovarian
cancer show the highest levels of VGLL1 mRNA expression, and
increased transcription of VGLLI is strongly correlated with poor
prognosis and lower overall patient survival (3, 4, 8-11).

Crucial clues about the function of VGLL1 came from molecular
studies designed to understand the structure-function relationship
between TEA domain-containing transcription factors (TEADs) and
different co-transcriptional activators. These studies revealed that the
binding of VGLL1 to TEADs showed high structural similarity to that
of co-transcriptional activators in the Hippo pathway, Yes-associated
protein 1 (YAP1), and WW Domain containing transcription
regulator 1 (WWTR1/TAZ) (2, 12). Since the hippo pathway has
been strongly implicated in the tumorigenesis of many cancer types,
this study shed important light on the potential functional role of
VGLLI in cancer (13). Furthermore, YAP1/TAZ both have well-
characterized roles in the development of many normal tissues,
including cytotrophoblast differentiation in the placenta (7). The
intriguing relationship between tumorigenesis and placental
development has been widely speculated for several decades (14,
15). However, recent evidence is emerging that VGLL1 may provide a
crucial mechanistic link between these two processes.
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Cancer cells and placental trophoblasts share at least three
cardinal attributes: rapid cellular proliferation, tissue invasion,
and the induction of immune suppression (6, 16, 17). Therefore,
in the current study we investigated the effect of VGLL1 on cell
proliferation and invasion by downregulation or upregulation of its
expression levels in cancer cells originating from pancreas, breast,
and placenta using siRNA knockdown or retrovirus overexpression
systems. In addition, we performed RNA sequencing analysis of
these tumor cells to evaluate transcriptional changes associated with
regulating VGLL1 protein expression. Finally, ChIP-seq analysis
was performed to identify and compare the chromosomal loci with
which VGLLLI interacts in the three different cancer cell types. These
studies confirm a key role for VGLLI in driving cell proliferation
and invasion by promoting the expression of specific genes involved
in these processes and provide novel mechanistic insights into how
VGLLI may contribute to tumor aggressiveness and poor clinical

outcomes in cancer patients.

Methods
Cell culture

Human pancreatic cell lines PANCI (cat#CRL-1469, RRID:
CVCL_0480), PANCI10.05 (RRID: CVCL_1639, cat#CRL-2547),
Capanl (RRID: CVCL_0237, cat#HTB-79), Capan2 (RRID:
CVCL_0026, cat#HTB-80), SU8686 (RRID: CVCL_3881,
cat#CRL-1837) and human breast cancer cell lines BT20 (RRID:
CVCL_0178, cat#HTB-19), MDA-MB-468 (RRID: CVCL_0419,
cat#HTB-25), MDA-MB-175-VII (RRID: CVCL_1400, cat#HTB-
132), and human choriocarcinoma cells, Bewo (RRID: CVCL_0044,
cat#CCL-98), were obtained from ATCC and tested negative for
mycoplasma contamination. PANC1 and PANCI10.05 cells were
grown in DMEM (Gibco, cat#11965-092) or RPMI (Gibco,
cat#11875-093) media containing 10% heat inactivated
BenchMark FBS (Gemini, cat#100-106). Bewo and BT20 cells
were cultured in Ham’s F-12K (Gibco, cat#21-127-022) or EMEM
(ATCC, cat#30-2003) media, respectively, also supplemented with
10% FBS. Retroviral-producing cells, Phoenix Eco (RRID:
CVCL_H717, cat#CRL-3214) and PG-13 (RRID: CVCL_4273,
cat#CRL-10686) cells were obtained from ATCC and tested
negative for mycoplasma contamination. The cells were cultured
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in DMEM media supplemented with 10% FBS. Cell lines were
authenticated by the Cytogenetic and Cell Authentication Core at
MD Anderson Cancer Center. MycoAlert Mycoplasma Detection
Kit (Lonza, cat#LT07-318) was used to test cells for mycoplasm
throughout the study.

Cloning of human VGLL1-Myc cDNA into
retrovirus MG-neo vector

Human VGLLI with MYC tag containing restriction enzyme
sites Not1 and Sall (hVGLL1-MYC, sequence below) was synthesized
by GeneArt and inserted in pENTR221 vector. NEB-10 beta
competent cells (New England Biolabs, cat#C3019H) were used to
expand the vectors following manufacturer protocol. To clone
hVGLLI-MYC ¢DNA into retrovirus MG-neo vector, hVGLLI1-
MYC pENTR221 and MG-neo plasmids were digested using Not1-
HF (New England Biolabs, cat#R3189S) and Sall-HF (New England
Biolabs, cat#R3138S) for 1 hour at room temperature. Gel purified
hVGLL1-MYC was ligated to the MG-neo vector destination plasmid
using T4 DNA ligase (New England Biolabs, cat#101228-180) for 1 hr
at room temperature. Next, bacteria transformation was performed
for hVGLL1I-MYC MG-neo plasmid expansion, and the plasmid was
purified using Wizard Plus SV Minipreps DNA purification systems
(Promega, cat#A1470). To verify the hVGLL1-MYC insert sequence,
the plasmid was digested using restriction enzymes Notl and Sall
and ran on a 1% agarose gel (Lonza, cat#50002) followed by
purification by QIAquick Gel Extraction Kit (Qiagen, cat# 28704).
The insert sequence was confirmed using Advanced Technology
Genomics Core at MD Anderson Cancer Center using Forward
primer: AATTCGCCAGCACAGTGGAGATC and Reverse primer:
CGGCAATATGGTGGAAAATAACCGG. The sequencing results
were viewed on Chromas 2.6.6 (RRID: SCR_000598) software and
sequences were aligned using nucleotide BLAST (BLASTn suite,
RRID: SCR_001598) (18). Next, hVGLL1I-MYC MG-neo plasmid
DNA was expanded and purified using a high-speed plasmid midi kit
(Qiagen, cat#12643). The plasmid concentration was determined
using a nanodrop.

cDNA hVGLL1-MYC Sequence with
restriction enzyme sites (bold):

TCGCGGCCGCCATGGAAGAAATGAAGAA
GACTGCCATCCGGCTGCCCAAAGGCAAA
CAGAAGCCTATAAAGACGGAATGGAATTC
CCGGTGTGTCCTTTTCACCTACTTCCAAGG
GGACATCAGCAGCGTAGTGGATGAACACTT
CTCCAGAGCTCTGAGCAATATCAAGAGCCCC
CAGGAATTGACCCCCTCGAGTCAGAGTGAAGG
TGTGATGCTGAAAAACGATGATAGCATGTCTCCAA
ATCAGTGGCGTTACTCGTCTCCATGGACAAAGCCACA
ACCAGAAGTACCTGTCACAAACCGTGCCGCCA
ACTGCAACTTGCATGTGCCTGGTCCCATGGCTGTGA
ATCAGTTCTCACCGTCCCTGGCTAGGAGGGCCTCTGTT
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CGGCCTGGGGAGCTGTGGCATTTCTCCTCCCTGGCGG
GCACCAGCTCCTTAGAGCCTGGCTACTCTCATCCCTTC
CCCGCTCGGCACCTGGTTCCAGAGCCCCAGCCTGATGG
GAAACGTGAGCCTCTCCTAAGTCTCCTCCAGCAAGACAGA
TGCCTAGCCCGTCCTCAGGAATCTGCCGCCA
GGGAGAATGGCAACCCTGGCCAGATAGCTG
GAAGCACAGGGTTGCTCTTCAACCTGCCTCCC
GGCTCAGTTCACTATAAGAAACTATATGTATCTC
GTGGATCTGCCAGTACCAGCCTTCCAAATGAAAC
TCTTTCAGAGTTAGAGACACCTGGGAAATACTCA
CTTACACCACCAAACCACTGGGGCCACCCACATC
GATACCTGCAGCATCTTGAGGGATCCGGAGG
AGGCGGATCTGAGCAGAAACTCATCAG
TGAAGAGGACCTGTGAGTCGACG

Notl (GCGGCCGC)

BamH1 (GGATCC)

MYC (GAGCAGAAACTCATCAGTGAAGAGGACCTG)

Sall (GTCGAC)

Production of hVGLL1-MYC MG-
neo retrovirus

For retrovirus production, Phoenix Eco cells plated in a 60 mm
dish were incubated overnight to reach about 60-80% confluency.
To transduce the cells, 5ug of hVGLL1-MYC MG-neo plasmid DNA
and 30ul TransIT-293 (Mirus bio, Qiagen, cat#MIR2704)
transfection reagent were each diluted in 300uL of Opti-MEM
(Gibco, cat#51985-034) in separated tubes. After 10 minutes
incubation at room temperature, the diluted DNA was added into
a tube containing the diluted transfection reagent in a drop-wise
fashion and incubated for another 10 minutes at room temperature.
Next, media from Phoenix Eco cells was replaced with ImL Opti-
MEM and 600uL of the DNA mixture was added to the cells in a
drop-wise fashion and cells were cultured overnight in the incubator.
The next day, media were changed to DMEM with 10% FBS (without
antibiotics) and the cells were incubated overnight. The next day, the
supernatant from hVGLL1-MYC MG-neo transduced Phoenix Eco
cells was collected, filter sterilized and mixed with 10ug/mL polybrene
(Sigma, cat#TR-1003-G). To generate stock of viral-producing cell we
transduced PG-13 cells with the supernatant prepared from
transduced Phoenix Eco cells mixed with polybrene. Human
VGLL1 gene in these PG-13 hVGLLI-MYC MG-neo cells was
detectable after 48 hr.

Transduction of PANCL1 cells with hVGLL1-
MYC MG-neo retrovirus plasmid

To generate PANCI cells overexpressing hVGLLI-MYC for the
experiments, overnight cultured Pancl cells with 80% confluency
were incubated with the filtered supernatant from PG-13 hVGLL1-
MYC MG-neo cells mixed with polybrene. PANCI cells expressing
hVGLL1-MYC were selected by cell culture in the presence of G418
sulfate antibiotic at a concentration of 0.5mg/ml for 4 days.
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siRNA knockdown

PANCI10.05, BT20, and Bewo cells were plated in 6-well plates
and cultured overnight. The cells at 60-80% confluency were used
for transfection with siVGLL1 (ThermoFisher Scientific,
cat#4392420 s28152) or siScramble control (ThermoFisher
Scientific, cat#4390846). Briefly, 9uL lipofectamine RNAIMAX
transfection reagent (Invitrogen, cat#13778030) and 30pmol of
siVGLL1 (ThermoFisher Scientific, cat#4392420 s28152) or
siScramble (ThermoFisher Scientific, cat#4390846) were diluted in
150ul Opti-mem media (Gibco, cat#51985-034). Next, diluted
siRNA was added to diluted lipofectamine RNAIMAX at 1:1 ratio
and incubated for 5 minutes at room temperature. 250ul of
combined siRNA and lipofectamine were added in a drop-wise
fashion into the cells. The transfected cells incubated with the
siRNA solution for 48 hrs were used for the indicated experiments.

Western blot

The indicated cancer cells were plated on 6-well plates at a
density to reach about 90% confluency after 48h cultured. Next, the
cells were washed twice with cold PBS (Corning, cat#21-040-CV)
and lysed with 350uL of lysis buffer (50mM HEPES (Corning,
cat#25-060-Cl1), 150mM NaCl (Invitrogen, cat# AM9760G), 1mM
EDTA (Sigma, cat#03690-100ml), 1% triton X100 (Millipore,
cat#T79284-100ml), ImM PMSF (Sigma, cat#P-7626), and 1X Halt
protease and phosphatase inhibitor (ThermoScientific, cat#78-138)
for 45 minutes on ice. Protein concentrations were quantified using
BCA assay (ThermoFisher) with BSA standard set (Bio-Rad). 10ug
of protein from each sample was loaded into well of 10% Tris-
Glycine gel (Invitrogen) and ran at 125V. The resolved proteins
were transferred to a PVDF membrane (BioRad, cat#1704156)
for 7 minutes at 25V using Bio-Rad Trans-Blot Turbo Transfer
System (cat#1704150). Next, the membrane was blocked with
EveryBlot Blocking Buffer (Bio-Rad) for 30 min at room
temperature and probed with primary antibodies against VGLLI
(ProteinTech, cat#10124-2AP, RRID: AB_2218174), MYC
(Cell Signaling, cat#2276), or GAPDH (Cell Signaling, cat#5174,
RRID: AB_10622025) overnight at 4°C followed by incubation with
anti-mouse (Cell Signaling, cat#7076, RRID: AB_330924) or anti-
rabbit (Cell Signaling, cat#7074, RRID: AB_2099233) HRP-
conjugated antibodies for 45 min at room temperature.
Immunoblots were developed using Clarity Western ECL
Substrate (Biorad, cat#1705060) and imaged by ChemiDoc MP
(Biorad, cat#12003154).

VGLL1 immunoprecipitation

For immunoprecipitation (IP) of VGLLI1 protein from cancer
cells we used Pierce' " Classic Magnetic IP/Co-IP Kit
(ThermoFisher Scientific, cat#88804). VGLL1 was IP from 200ug
of beads precleared cell lysate using 5ug VGLL1 Ab (ProteinTech,
cat#10124-2AP, RRID: AB_2218174) per sample. VGLLI-IP
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proteins were washed and eluted from the beads with Laemmli
sample buffer. The resolved protein was detected by western blot
with anti-VGLL1 Ab. We also included IP control samples without
VGLL1 AD to determine potential non-specific protein binding to
the beads. Sample inputs contained 10ug of protein from the
indicated cell lysate.

Real-time quantitative PCR

Real time quantitative PCR (RT-qPCR) was performed to
determine hVGLLI mRNA expression in PANCI, PANC10.05,
BT20, Bewo cells. RNA was isolated from the cells cultured on 6-
well plates (80-90% confluency) using RNAeasy Plus mini kit
(Qiagen, cat#74134) according to the manufacturer’s protocol.
The sample RNA was qualified using a NanoDrop Onec
(ThermoFisher). High-capacity RNA-to-cDNA kit (Applied
Biosystems, cat#4387406) was used to generate cDNA from 0.5ug
RNA following the manufacturer’s instructions. cDNA was
quantified using a NanoDrop. RT-qPCR amplifications were done
with PowerUP SYBR Green Master Mix (Applied Biosystems,
cat#A25742) using 500nM primers (see Table 1) and 10ng cDNA
per reaction in a total volume of 20ul in 96-well plate. The samples
were run in triplicate on a QuantStudio3 System (Applied
Biosystems). VGLLI mRNA expression was normalized to the
mRNA expression level of GAPDH in the same sample. The
results were then calculated as a relative VGLL1 mRNA
expression compared to empty vector or siScramble controls that
were expressed as 1 value.

Proliferation assay

The effect of VGLL1 expression on cancer cell growth was
determined by daily counting of cells during seven days of culture.
The cells were plated in triplicate at a density of 30,000 cells per well
of 6-well plate. To count the cells, they were washed twice with PBS,
trypsinized using 50ul of 0.25% Trypsin (Gibco, cat#325200-056),
and collected with 1mL media. After centrifugation, the cell pellets
were resuspended in 50ul. of media and 50uL of 0.2% trypan blue
(Lonza BioWhittaker, cat#17-942E). 20uL of the cell suspension was
transferred into the cellometer slide (Nexcelom, cat#SD100) and
analyzed for the number of live cells by a Nexelom cell counter.

TABLE 1 Table of primer sequences used in qRT-PCR.

Primer Name Primer Sequence

Human GAPDH Forward ACA ACT TTG GTA TCG TGG AAG G
Human GAPDH Reverse GCC ATC ACG CCA CAG TTT C
Human VGLL1 Forward CCA AAG GCA AAC AGA AGC CTA
Human VGLL1 Reverse CAT CCAC ACC TTC ACT CTG ACT C
Human B-actin Forward GCG AGA AGA TGA CC AGA TC

Human B-actin Reverse CCA GTG GTA CGG CCA GAG G
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Invasion assay

CHEMICON cell invasion assay (Millipore Sigma
cat#ECM550) was used to determine the effect of VGLLI1
expression on cancer cell invasion. Briefly, 500,000 cells were
plated in 300uL serum-free media on top of a transwell coated
with a basement membrane matrix and the bottom chamber was
filled with 500ul media supplemented with 10% FBS. After 24h
incubation, migrated cells on the bottom of the transwell were
stained with the cell staining solution provided in the kit. Images
were acquired using an Axiovert 200 microscope and quantified
using Image] software (RRID: SCR_003070). Samples were plated
in triplicate and four representative images were taken from
each well.

Chromatin immunoprecipitation

For VGLLI1 chromatin immunoprecipitation sequencing
(ChIP-Seq) analysis, PANC10.05, BT20 and Bewo cells were sent
to Active Motif (Carlsbad, CA). To prepare chromatin, the cells
were fixed with 1% formaldehyde for 15 min and quenched with
0.125 M glycine. Chromatin was isolated by adding lysis buffer and
disrupted with a Dounce homogenizer. Lysates were sonicated and
the DNA sheared to an average length of 300-500 bp with Active
Motif's EpiShear probe sonicator (cat#53051). Genomic DNA
(Input) was prepared by treating aliquots of chromatin with
RNase, proteinase K, and heat for de-crosslinking, followed by
SPRI beads clean up (Beckman Coulter) and quantitation by
Clariostar (BMG Labtech). For ChIP, 30 ug chromatin was
precleared with protein G agarose beads (Invitrogen) and
genomic DNA regions of interest were isolated using 5ug of
VGLL1 Ab (Protein Tech, cat#10124-2-AP). IP complexes were
washed, eluted from the beads with SDS buffer, and subjected to
RNase and proteinase K treatment. Crosslinks were reversed by
incubation overnight at 65°C. DNA from ChIP was purified by
phenol-chloroform extraction and ethanol precipitation.

Quantitative PCR (QPCR) reactions were carried out only for
PANCI10.05 in triplicate on specific genomic regions using SYBR
Green Supermix (Bio-Rad). The resulting signals were normalized
for primer efficiency by carrying out QPCR for each primer pair
using Input DNA.

ChlIP sequencing (RRID: SCR_001237)

[lumina sequencing libraries were prepared from the ChIP and
Input DNAs by the standard consecutive enzymatic steps of end-
polishing, dA-addition, and adaptor ligation. Steps were performed
on an automated system (Apollo 342, Wafergen Biosystems/
Takara). After a final PCR amplification step, the resulting DNA
libraries were quantified and sequenced on Illumina’s NovaSeq
6000 (75 nt reads, single end). Reads were aligned to the human
genome (hg38) using the BWA algorithm (default settings, RRID:
SCR_010910) (19). Duplicate reads were removed, and only
uniquely mapped reads (mapping quality >= 25) were used for
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further analysis. Alignments were extended in silico at their 3’-ends
to a length of 200 bp, which is the average genomic fragment length
in the size-selected library and assigned to 32-nt bins along the
genome. The resulting histograms (genomic “signal maps”) were
stored in bigWig files. Peak locations were determined using the
MACS algorithm (v2.1.0) (20) with a cutoff of p-value = 1e-7. Peaks
that were on the ENCODE blacklist of known false ChIP-Seq peaks
were removed. Signal maps and peak locations were used as input
data to Active Motifs proprietary analysis program, which creates
Excel tables containing detailed information on sample comparison,
peak metrics, peak locations and gene annotations. Other key
software used: bcl2fastq2 (v2.20) (processing of Illumina base-call
data and demultiplexing), Samtools (v0.1.19, RRID: SCR_002105)
(processing of BAM files), BEDtools (v2.25.0, RRID: SCR_006646)
(processing of BED files), wigToBigWig (v4) (generation of
bigWIG files).

ChIP-Atlas was used to compare our ChIP-seq data to publicly
available ChIP-seq datasets using ChIP-Atlas online tool (https://
chip-atlas.org/enrichment_analysis, RRID: SCR_015511) (21, 22).

RNA sequencing

RNA sequencing analysis from total RNA isolated from
different cancer cells was performed by Active Motif (Carlsbad,
CA). For each sample, 500ng of total RNA was then used in
Mumina’s TruSeq Stranded mRNA Library kit (Cat# 20020594).
Libraries were sequenced on Illumina NovaSeq 6000 as paired-end
150-nt reads. Sequence reads were analyzed with the STAR
alignment-DESeq2 software pipeline (RRID: SCR_004463). GO
analysis was used to analyze several gene sets using the GO
online tool (http://geneontology.org/).

Statistical analyses

Graphpad Prism 10 (RRID: SCR_000306) was used to perform
unpaired t test analysis for cell invasion assays and two-way
ANOVA analysis for proliferation assays. A p<0.05 was
considered statistically significant.

Results

VGLL1 expression promotes tumor cell
proliferation and invasion

This study aimed to identify common and unique VGLLI-
dependent functions in tumor cells derived from 3 different cancer
types that may contribute to disease progression. Based on the
elevated VGLLI1 transcript expression reported in particular tumor
types, we screened pancreatic cancer (PDAC), basal-like breast
cancer (BLBC), and choriocarcinoma (a placenta-derived tumor)
cells for VGLL1 protein expression. Western blot analysis
demonstrated relatively high VGLLI protein levels in PANC10.05
(PDAC), BT20 (BLBC), MDA-MB-468 (BLBC) and Bewo
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FIGURE 1

VGLL1 expression drives tumor cell proliferation and invasion. (A) Western blot analysis to assess VGLL1 protein expression in the cell lines PANC1,
PANC10.05, Bewo, and PANCI1 cells transduced to express either hVGLL1-MYC or empty vector (EV). (B) RT-gPCR analysis of VGLL1 mRNA
expression in siScramble- (black) or siVGLL1- (red) treated cells after 48h. (C) RT-gPCR analysis of VGLL1 mRNA expression after retroviral
transduction of PANCL1 cells with hVGLL1-MYC MG-neo plasmid (blue) or empty MG-neo vector (black). (D, E) Cell proliferation analysis of
siScramble- (black) or siVGLL1-treated PANC10.05, BT20, and Bewo cells (red), and PANC1 cells transduced with empty MG-neo vector (black) or
hVGLL1-MYC MG-neo plasmid (blue). (F, G) Cell invasion assay results comparing siScramble (black) or siVGLL1-treated PANC10.05, BT20, and Bewo
cells (red), and PANC1 cells transduced with empty MG-neo vector (black) or VGLL1-MYC MG-neo plasmid (blue). The indicated cells were plated
onto the top of a transwell chamber and after 24 hr incubation, migrated invading cells were stained. Images were taken and quantified using

ImageJ, with representative images displayed. *p<0.05, **p<0.01

(choriocarcinoma) cells (Supplementary Figure 1). Based on these
results we selected PANC10.05, BT20 and Bewo cells for our study,
which represent cancer cells originating from pancreas, breast, and
placenta tumors, respectively. By contrast, VGLL1 expression was
undetectable in PANC1 PDAC cells (Figure 1; Supplementary
Figure 1). Thus, PANCI cells represent the ~60% of PDAC
patients whose tumors do not express VGLLI1. Since recent
studies have suggested that VGLLI is critical for the transition
from classical to a more aggressive basal-like form of PDAC (11),
we utilized PANCI cells to assess phenotypic changes induced by
ectopic VGLL1 overexpression.

Uncontrolled tumor cell proliferation and invasion are amongst
the most important hallmarks of cancer progression. To determine
how VGLL1 may impact these cellular processes and drive
associated transcriptional changes, we utilized two in vitro
models: siRNA knockdown and retrovirus overexpression
systems. For downregulating VGLLI expression, PANC10.05,
BT20, and Bewo cells (expressing high levels of endogenous
VGLL1) were transfected with the VGLLI1-targeting siRNA or
siScramble control. For overexpressing VGLL1, PANCI cells were
transduced with the hVGLL1-MYC MG-neo retroviral vector. RT-
qPCR analysis of RNA isolated from these cells showed about 50%
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(PANC10.05) to 75% (BT20 and Bewo) reduction of VGLLI1
transcript levels in cells transfected with siVGLL1 compared to
siScramble control (Figure 1B). On the other hand, PANCI cells
transduced with the hVGLL1-MYC retroviral vector demonstrated
more than a 3-log increase in VGLLI mRNA levels compared to
empty vector-transduced cells (Figure 1C). Furthermore,
immunoblotting with anti-VGLL1 or anti-MYC Abs confirmed
high VGLL1-MYC protein expression in transduced PANCI
cells (Figure 1A).

To evaluate the impact of VGLLI expression on cancer cell
proliferation, we monitored cell growth of these genetically altered
and control cells for 7 days (Figures 1D, E). Tumor cells were plated
at a density of 30,000 cells per well in a 6-well plate, and the number
of live cells was quantitated daily. A 1.5-fold reduction in
proliferation rate was observed by day 5 in BT20 and Bewo cells
treated with siVGLL1 compared with control siScramble-treated
cells (Figure 1D). A similar 1.7-fold reduction in proliferation of
siVGLL1-treated PANC10.05 cells was observed by day 6 of culture
(Figure 1D). Of note, in addition to inhibition of cell growth, a
significant increase in cell death was observed in BT20 and Bewo
cells by day 6 of culture leading to about 3-fold reduction in the
number of live cells compared to siScramble-treated cells. This
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observation was consistent with our initial attempts at CRISPR-
mediated complete VGLL1 knockdown, which was lethal to the
cells (data not shown). Therefore, to maintain the integrity of tumor
cell lines, all further experiments were performed within 48 hrs of
siRNA knockdown. By contrast, ectopic overexpression of VGLLI
in PANCI cells clearly increased the rate of tumor cell proliferation,
with a greater than 2-fold increase in cell number by day 7 of culture
compared to empty vector-transduced cells (Figure 1E). These
results demonstrated that while augmentation of VGLLI
expression enhanced cell proliferation rate, downregulation of
VGLLI expression was associated with inhibition of cancer cell
growth and induction of cell death.

Tumor metastasis is the primary cause of mortality in most
cancer patients. Since cellular invasion is critical for the metastatic
process (23), we next assessed the impact of modulating VGLLI
expression on this process. The invasion capacity of cells was
measured by their ability to break down a basement membrane
matrix and subsequently migrate through the pores on the bottom
side of a transwell. Quantitative analysis of the cell invasion assay
revealed that siVGLLI1-treated PANC10.05, BT20, and Bewo cells
all demonstrated a 1.5 to 2.6-fold decrease in invasion compared to
control siScramble-treated cells (Figure 1F). By contrast, VGLL1-
transduced PANCI cells showed a 4.3-fold increase in migrated
cells compared to empty vector-transduced control cells
(Figure 1G). These results support the notion that VGLL1
overexpression in tumors may play a substantial role in
promoting tissue invasion, consistent with its association with
tumor aggressiveness and poor patient prognosis.

VGLL1 interacts with distinct transcription
factors to regulate transcription in different
cancer cells

To identify the transcription factors (TFs) that can interact with
VGLLI in different cancer types, the chromosomal loci bound by
this transcriptional co-activator were determined by chromatin
immunoprecipitation sequencing (ChIP-seq) analysis performed
on PANCI10.05, BT20, and Bewo tumor cells. First, we validated
the utility of anti-VGLL1 Ab by evaluating its specificity by Western
blot analysis. As shown in Figure 2A, VGLL]1 immunoprecipitation
from lysates of both PANC10.05 and Bewo cells showed a single
predominant band representing the native form of VGLL1 protein
at approximately 29 kDa, consistent with its predicted molecular
weight. As expected, MYC-tagged VGLLI protein derived from
transduced PANCI cells migrated slower at about 32 kDa. A
nonspecific band was observed at approximately 26 kDa in all
input cell lysates; however, no such band was detected in the VGLL1
immunoprecipitated samples (Figure 2A). Further validation of the
VGLL1 Ab was performed by rapid immunoprecipitation mass
spectrometry of endogenous proteins (RIME) on VGLL1-MYC
transduced PANCI1 cells. The mass spectrometry results
demonstrated a 68% coverage of the VGLLI protein, including 28
unique peptides (data not shown). Collectively, these results
confirmed that the VGLLI1-specific antibody met the quality
standards required for ChIP-seq analysis.
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HOMER motif analysis performed on the ChIP-seq data
derived from PANCI10.05, BT20 and Bewo cells revealed multiple
potential binding partners for VGLL1. The Venn diagram in
Figure 2B depicts all the TFs that showed highly significant p-
values of less than 1E-10. Some TFs were specific for individual cell
lines, others were shared between two cell lines, and a total of eight
TFs were shared amongst all three tumor types, including TEAD],
TEAD2, TEAD3, TEAD4, GRHL2, RUNX2, AP1, and GATAG6. To
validate our findings, we used ChIP-Atlas Enrichment analysis to
compare our data to publicly available ChIP-seq data (21, 22). This
analysis compares prior TF immunoprecipitation results derived
from different tissue types or cell lines to our findings, with higher
fold enrichment scores indicating a higher degree of similarity to
our VGLL1 ChIP-seq data (Figures 2C-E). The breast-derived
samples showed a high degree of similarity for multiple TFs, as
shown in Figure 2C. Each dot represented a single database entry
for the indicated specific TF, with results distinguished by TFs
found to bind VGLL1 in multiple tumor cell lines (black), or in
individual cell lines: PANC10.05 (red), BT20 (green) and Bewo
(blue). High ChIP-Atlas enrichment scores were also observed for
multiple TFs associated with pancreas and placenta, though the
database entries for these tissue types were significantly less
(Figures 2D, E). Overall, a significant degree of overlap was
observed in the TF profiles from the three tumor cell lines found
in our HOMER motif analysis and those identified in tissue-specific
ChIP-seq database. By contrast, low enrichment scores were seen in
the breast tissue-derived ChIP-seq database samples for TFs found
only in the PANCI10.05 cell line (for example, MAFB and
ERG, Figure 2C).

Comparing the eight TFs identified to interact with VGLLI in all
three tumor cell lines, we assessed the similarity in target loci found in
the different cancer cells with publicly available ChIP-seq data for the
same TFs (Figure 2F). This comparison showed a very high degree of
overlap in the percentage of target loci where VGLL1 bound
compared to those targets previously identified for TEADI,
TEAD2, TEAD3, and TEAD4 (p < 10e-370 for all 3 tumor cell
lines). For example, the VGLL1 ChIP-seq analysis of PANC10.05
cells demonstrated a 46.88% overlap with a TEAD4 ChIP-seq analysis
from placental trophoblast cells and low background binding outside
these targets. Similar results were observed for BT20 and Bewo cells
(46.70% and 53.46% target overlap with TEAD4, respectively). The
high degree of overlap observed for the 4 TEADs in all 3 tumor cell
lines suggest that VGLLI interacts with these TEADs globally and not
in a tissue-specific manner (Figure 2F). Interestingly, AP-1 targets
identified from ChIP-seq overlapped significantly with VGLLI target
loci in PANC10.05 and BT20 cells (48.58% and 32.43%, respectively),
but not Bewo cells. By contrast, GATA6 targets showed strong
overlap with VGLLI target loci identified in Bewo cells (40.81%),
but less overlap in PANC10.05 cells and BT20 cells (12.91% and
19.89%, respectively). The TFs GATA3 and AP2gamma (TFAP2C)
also demonstrated significant overlap with VGLLI target loci in BT20
and Bewo cells, but not in PANC10.05 cells (Figure 2F). These results
confirm previous studies reporting that VGLL1 can cooperate with
TEAD4, GATA3 and TFAP2C to initiate transcription (7, 12, 24),
and expand the list of candidate TFs that can potentially interact with
the VGLLI co-activator in either a global or tissue-specific fashion.
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FIGURE 2
VGLL1 interacts with common and distinct transcription factors to regulate transcription in tumor cells. (A) Western blot analysis showing relative
VGLL1 protein expression either in cell lysates or immunoprecipitated from PANC10.05 and Bewo cells expressing endogenous VGLL1, or PANC1
cells transduced with empty vector (EV) or hVGLL1-MYC plasmid (VGLL1-MYC). Samples without VGLL1 Ab (Beads no Ab) confirmed the specificity
of the anti-VGLL1 Ab for IP applications. (B) VGLL1 ChIP-seq analysis was performed on native PANC10.05, BT20, and Bewo tumor cell lines. Homor
Motif analysis of the VGLL1 chromatin binding regions revealed several transcription factors (TFs) likely to interact with VGLL1. The Venn diagram
shows the common VGLL1 TFs between PANC10.05 (red), BT20 (green) and Bewo (blue) tumor cells. (C—E) ChIP-Atlas was used to compare our
results with previously published ChIP-seq data. Each dot represents a different sample (cell line, tissue, etc.) used as a source to pull down individual
TFs. Higher enrichment scores indicate higher similarity to the VGLL1 ChIP-seq results. Some samples demonstrated overlap in more than one
tumor cell type (black) and others overlapped only with individual tumor cell lines PANC10.05 (red), BT20 (green), Bewo (blue). (F) Table of TFs that
were identified in all three tumor cell types. The table contains the TF hame and analyzed sample tissue, chromatin motif sequence recognized,
percentage of overlapping targets compared to background and p-value. The same color scheme as above indicates the different tumor cell

lines analyzed.

lines. Notably, the number of chromatin binding regions identified
corresponded to the level of VGLL1 expression (Figure 3B); BT20
and Bewo cells, demonstrating the highest VGLL1 expression,
showed approximately 28,000 and 35,0000 total merge peaks,

VGLL1 requlates transcription of common
genes in cancer cells derived from different
tumor types

We next analyzed the ChIP-seq data from PANC10.05, BT20 and
Bewo cells to explore the exact location of the VGLLI-TF complex
binding to specific genes. Figure 3A shows a representative image of
the ChIP-seq peaks showing the specificity of immunoprecipitated
VGLL1 compared with input control cell lysates from the 3 tumor cell
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respectively compared to ~9,000 total merged peaks for
PANCI10.05 cells, which express lower levels of VGLLI1 (Figure 3B).
Importantly, VGLL1 bound at 2786 specific gene loci that were
common to all three cell lines (Figure 3B). Supplementary Table 1
contains a comprehensive list of genes shown to bind VGLLI, as
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FIGURE 3

VGLL1 regulates transcription of common and unique genes in different tumor cell types. (A) A representative image of the ChIP-seq chromatin
peaks detected for all tumor line samples comparing immunoprecipitated VGLL1 (VGLL1 IP) to input cell lysate. (B) Venn diagram shows the number
of merged peaks detected and overlap between the 3 cell lines PANC10.05 (red), BT20 (green) and Bewo (blue). (C) Comparison of merged peak
regions showing common and unique VGLL1 binding clusters for each tumor cell line. (D) RNA-seq analysis was performed on the indicated tumor
cell lines treated with either siVGLL1 or siScramble. Changes in transcript expression for genes associated with VGLL1-binding regions identified in
the merged peaks analysis are shown as Volcano plots for each tumor cell line, illustrating genes upregulated (orange) or downregulated (purple) by
VGLL1 expression. (E) Representative images of the ChIP-seq chromatin peaks for each tumor cell line are shown for TRIM6-TRIM34, a read-
through transcript upregulated by VGLL1 expression (top), NCOA2, a gene whose expression was upregulated by VGLL1 expression (bottom). Green
boxes highlight examples of merged peaks present in all 3 tumor cell types and blue boxes indicate peaks not present in all cell lines. (F) GO-
enrichment analysis was performed on VGLL1 ChIP-seq target genes modulated in response to VGLL1 knockdown. Upregulated pathways are shown

in orange and downregulated pathways are in purple. .

determined by ChIP-seq analysis (Supplementary Table 1).
Unexpectedly, most of the merged peak regions were found within
the intron regions of genes rather than annotated promoter regions
(Supplementary Figures 2A-C). Co-transcriptional activators such as
YAPI typically show a higher proportion of interactions at promoter
regions than introns (25); however, VGLLI interacted mainly with
introns and distal intergenic regions in all 3 cell types studied
(Supplementary Figure 2A). Peak-centered histograms of VGLLI
ChIP-seq peaks revealed significant overlap between all cell lines with
no enrichment observed in the input samples (Supplementary
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Figure 2C). These results also demonstrated a significant increase
in merged peak intron regions over the number of promoter region
interactions (Supplementary Figure 2C). A ChIP-seq peaks heatmap
of gene regions using coordinates centered around VGLL1 +/-5Kb
were organized into five clusters and sorted by descending average
value within each cluster for each of the 3 tumor cell lines (Figure 3C;
Supplementary Figure 2B). Again, the promoter region heatmap
demonstrated relatively few VGLLI interactions (Supplementary
Figure 2B). However, the merged region heatmap revealed tissue-
specific clustering; as shown in Figure 3C, Cluster 4 corresponded to
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the overlapping binding regions found within all 3 cell lines. By
contrast, Cluster 1 corresponded to BT20-specific binding regions
and Cluster 5 was enriched in Bewo-specific binding regions.

To identify transcriptional regulation events potentially
impacted by VGLL1, we compared the VGLL1 ChIP-seq findings
to RNA-seq data obtained from PANC10.05, BT20, and Bewo cells
treated with siVGLL1 versus siScramble. Volcano plots showing
differential gene transcript expression of VGLL1-bound genes
identified by ChIP-seq demonstrated that many of the genes were
regulated in a similar manner. For example, the TRIM6-TRIM34
fusion transcript was upregulated by VGLLI in both BT20 and
Bewo cells. (Figure 3D). Since VGLLI1 expression levels impacted
the number of chromatin binding locations identified, separate
plots included VGLLI1-binding regions identified in two of the
three tumor cell lines (Supplementary Figure 2D). For each of the
3 cell lines, genes downregulated or upregulated by siVGLLI-
knockdown are indicated (Supplementary Figure 2D).
Supplementary Table 2 contains the complete list of genes
impacted by modulation of VGLL1 expression, and a brief
description of protein function. Figure 3E shows representative
VGLL1 ChIP-seq signal peak tracks for two genes, TRIM6-TRIM34
and NCOA2, that were both shown to bind VGLLI in all three
tumor cell lines. Interestingly, while TRIM6-TRIM34 transcript
levels were upregulated in BT20 and Bewo cells, NCOA?2 expression
was upregulated in PANC10.05 and Bewo cell lines (Figure 3E).
Furthermore, some of the observed intragenic VGLL1-binding
peaks were present in all 3 cell lines, while others were detected
in only two of the three lines (Figure 3E).

To identify pathways directly regulated by VGLL1 expression,
gene ontology (GO) analysis was performed on genes that were
identified by ChIP-seq analysis to be bound by VGLL1 and that
were either upregulated or downregulated at the transcript level
following VGLL1 knockdown in at least two of the three tumor cell
lines. This analysis revealed a potential role for VGLLI in
upregulating genes involved in cell migration, MAPK and PI3K
signaling pathways (Figure 3F). On the other hand, genes involved
in basement membrane and cation channel complex function were
downregulated by VGLLI expression. These findings were
consistent with our functional results demonstrating that VGLL1
expression enhanced tumor cell invasion capacity (Figures 1F, G).

VGLL1 expression regulates transcription of
genes involved in cell proliferation
and invasion

To determine the overall impact of VGLLI expression on the
transcriptomic profiles of the different cancer cells, global RNA-seq
data from PANCI10.05, BT20, and Bewo cells treated with
siScramble versus siVGLL1 was analyzed without prior filtering
on the genes shown to bind VGLL1 by ChIP-seq. The results for all
differentially expressed genes (DEGs) for each cell line are shown in
Figure 4A. This analysis revealed several gene clusters that were
either upregulated or downregulated by VGLLLI in a global or tumor
cell-specific fashion. The top 20 overall DEGs for each tumor cell
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line are depicted in Figure 4B. In addition, volcano plots for each
cell line in Figure 4C illustrate the upregulation or downregulation
of specific gene transcription in response to VGLL1 expression.
To better understand these VGLL1-dependent genes, we sorted
the list of DEGs by protein function, highlighting the genes that
were also identified by ChIP-seq analysis to interact with VGLLI
(Supplementary Table 2). While 34 of the 128 genes (26.6%) were
either uncharacterized or were predicted not to form a protein, 39 of
the genes (30.5%) were known to be involved with transcription or
other nuclear processes. Interestingly, 28 of the genes (21.9%) had
known roles in cell proliferation and invasion, while 13 genes
(10.2%) were involved with developmental processes. Moreover,
gene ontology (GO) analysis performed on DEGS within each
tumor cell line revealed a number of pathways upregulated in
multiple cell lines, including angiogenesis, chromatin remodeling,
positive regulation of transcription, in addition to cell proliferation
and invasion. (Figure 4D). Furthermore, several of the genes
identified as being potentially regulated by VGLLI were not
included in the GO analyses, most notably TRIM6-TRIM34,
NCOA2, and ASLX2. These genes were not only highly
upregulated by VGLL1 at the mRNA level but were also
identified in the ChIP-seq analysis, indicating that VGLL1-TF
complexes can interact with them directly. Interestingly, several
studies have shown these genes to have roles in cancer cell
proliferation, invasion, angiogenesis, and EMT transition (26-38).
Taken together, our findings provide additional mechanistic
evidence that VGLL1 plays an important role in modulating the
expression of specific genes involved in driving tumor progression.

Discussion

Transcriptomic analyses of normal human tissues have shown
that the co-transcriptional activator VGLL1 demonstrates uniquely
elevated expression within the placenta (4, 5, 39). VGLLI is also
overexpressed in multiple cancer types, demonstrating predominant
expression in basal-like breast and pancreatic cancers with
transcription increased by 8- to 60-fold compared to normal breast
and pancreatic tissue (3, 4, 40). Emerging evidence has suggested that
tumor cells may co-opt attributes of normal placental VGLLI
function to promote invasion, proliferation, and tumor progression
(3, 8,9). In this study, we demonstrated that modulation of VGLL1
expression has a marked impact on cell invasion and proliferation in
multiple cancer cell types, and that it can interact with several known
TFs to drive the expression of multiple genes involved in these
pathways to promote tumor growth and metastasis (41).

Under normal physiological circumstances, VGLLI acts as a
master regulator of early placenta development. Yang et al. have
demonstrated that VGLL1 plays an important role in placenta
formation at the trophectoderm stage (7). Specifically, VGLL1 was
shown to be critical for appropriate syncytiotrophoblast (SCT) and
extravillous trophoblast (EVT) development since knockdown of
VGLLI during SCT and EVT differentiation led to a decrease in
cell proliferation, failure to differentiate and widespread cell death (7).
This was reminiscent of the reduced proliferation and cell death we
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VGLL1 expression regulates transcription of genes involved in cellular proliferation and invasion. (A) Global heatmap showing all differentially
expressed genes (DEGs) identified from RNAseq analysis of PANC10.05, BT20, and Bewo cells following treatment with either siScramble or siVGLL1.
(B) Heatmap showing the top 20 upregulated or downregulated genes in response to VGLL1 knockdown that were common to all three tumor cell
lines analyzed. (C) Volcano plots of DEGs identified in each tumor cell line. (D) Results of GO-pathway analysis using the DEGs identified for each
tumor cell line. Upregulated genes and pathways are shown in orange and downregulated genes and pathways are indicated in purple.
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observed in tumor cells following VGLL1 knockdown. Disruption of
VGLLI expression in the placenta can also lead to pathological
conditions associated with preeclampsia and choriocarcinoma (42,
43). Choriocarcinoma is a trophoblastic malignancy that shows
uncontrolled invasion and highly proliferative features unlike
normal trophoblast cells, which demonstrate a controlled invasive
phenotype during embryo implantation (44). In this study, we
showed that VGLLLI is highly expressed in a choriocarcinoma cell
line and that VGLL1 expression drove enhanced cell proliferation
and invasion in these tumor cells. Further work will be required to
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characterize the precise mechanisms by which VGLLI acts to
promote these processes in both normal placental development and
in placenta-derived tumors.

In addition to choriocarcinoma, VGLL1 has been shown to be
highly overexpressed in a variety of other cancer types. Echoing its role
in the placenta, VGLLI expression has previously been linked to
increased cell proliferation in basal-like breast cancer, estrogen
receptor-positive breast cancer, gastric cancer, pancreatic cancer,
prostate cancer and HPV-related cervical cancer (8-12, 24). In
addition, VGLL1 overexpression has been shown to increase cell
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invasion in gastric cancer cells (9). However, the molecular
mechanisms leading to these phenotypic changes have not been well-
defined. Although its interactions with TEAD4 strongly suggest a
primary function for VGLLI as a co-transcriptional activator, its
downstream target genes and potential interactions with other
transcription factors are still largely unknown. Using a combination
of cellular assays, ChIP-seq, and RNA-seq analyses, our study
confirmed and extended prior findings by comprehensively assessing
the downstream impact of VGLLI expression in pancreatic, basal-like
breast and placenta-derived cancer cells. We showed in all 3 tumor cell
lines that downregulation of VGLLI expression inhibited cell
proliferation and invasion capacity. In addition, this study revealed
that reduced VGLLI expression led to a decrease in the transcription of
several genes associated with cell growth, invasion, proliferation, and
angiogenesis. Interestingly, many of the genes regulated by VGLLI
have not yet been mapped to a specific pathway but may play a
substantial role in driving cancer progression.

TRIM6-TRIM34, a read-through transcript highly upregulated
in the context of VGLLI expression, encodes a fusion protein with
no currently known function. However, TRIM6 and TRIM34
individually encode ubiquitin ligases that may play roles in
cancer and placenta development. TRIM6 has been reported to
increase cell proliferation, invasion, metastasis, and angiogenesis in
cancer (26-30). In addition, it has been linked to maintaining
pluripotent embryonic stem cells in mice (45). TRIM34 has been
shown to facilitate cell fusion of epithelial cells, also known as
multinucleated goblet cells (46). Interestingly, multinucleated
trophoblast cells are required for embryo implantation and to
develop a fused extravillous trophoblastic cell shell (47). The
placenta also contains syncytiotrophoblast cells made up of fused
cytotrophoblasts that are responsible for the transport of resources
between the mother and fetus (48). Although it is currently
unknown if TRIM34 plays a role in placental cell fusion, this
gene does show moderate expression within normal human
placenta (5). The ASXL2 gene, also shown to be upregulated
by VGLLI, is reported to regulate EMT transition during
trophoblast differentiation and has been linked to the promotion
of tumorigenesis and cell proliferation in a variety of cancer
types (31-34). This evidence collectively supports the notion that
tumor cells may indeed co-opt VGLLI function to promote
invasion, proliferation, and tumor progression; however, further
investigations into the roles and contributions of individual genes
are required before firm conclusions can be made in this regard.

In addition to identifying individual candidate genes under the
transcriptional control of VGLL1, ChIP-seq analysis identified
chromatin targets throughout the genome capable of specifically
interacting with VGLLI1. Motif analysis of these interacting
chromatin regions led to the identification of both known and
novel TFs that may cooperate with VGLLI to initiate transcription.
For example, GATA3 and AP2 gamma (TFAP2C), two TFs that
were recently reported to cooperate with TEAD4 and VGLLI to
differentiate pluripotent stem cells into trophoblast stem cells (7),
were also identified from our ChIP-seq analysis of breast and
placental tumor cells. Furthermore, previous studies have shown
that VGLLI can directly interact with TEAD1 and TEAD4 in cancer
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cells (7, 10, 12, 24). Our results validated these findings and
expanded the list of TFs that VGLL1 can potentially interact with
to include TEAD2, TEAD3, RUNX2, GATA®6, AP-1 and GRHL2.
These TFs have been linked to the hippo pathway and epithelial
tissue development, PI3K/AKT pathway activation, and the
promotion of tumorigenesis (49-51). Notably, we found that
VGLL1 bound mostly at intron regions. Enhancer regions are
enriched within intron regions, especially in tissue-specific gene
regulation (52-55). Enhancers are clusters of transcription factor
binding sites that activate the expression of target genes (52, 53, 56).
This activation can impact RNA splicing, stabilize IncRNAs, and
increase the rate of transcription (53, 54, 56-58). Further studies
will be required to delineate how VGLL1 cooperates with these TFs
at intron regions to drive normal development in the placenta and
disease progression in cancer cells.

Clinical studies have shown that higher tumor VGLL1
expression correlates with lower overall survival in pancreatic
cancer, gastric cancer, basal-like breast cancer, and breast cancers
that become resistant to SERD therapy (4, 8, 9, 11, 24).
Furthermore, our study demonstrated the dependency of tumor
cells on VGLLI expression by showing that downregulation of
VGLL1 diminished cell invasiveness, proliferation, and survival.
Together, these observations provide a compelling rationale for
developing a VGLLI-targeted therapy for those cancer patients
whose tumors demonstrate high VGLL1 expression. Attempts have
been made to develop therapeutics against other co-transcriptional
activators associated with cancer development, such as WWTRI1
and YAP1 (59, 60). However, the high expression of these genes in
most normal human tissues can induce toxicity, limiting the utility
of such approaches. By contrast, VGLL1 demonstrates very low to
negligible expression in most normal tissues apart from placenta,
suggesting that targeting VGLLI in tumors may prove feasible
without causing dose-limiting side effects. Although many
questions remain regarding the precise roles VGLL1 plays in
promoting gene transcription, emerging evidence supports that
effective targeting of this co-transcriptional activator may greatly
benefit many patients suffering from different types of cancer.
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Background: This study seeks to enhance the accuracy and efficiency of clinical
diagnosis and therapeutic decision-making in hepatocellular carcinoma (HCC),
as well as to optimize the assessment of immunotherapy response.

Methods: A training set comprising 305 HCC cases was obtained from The
Cancer Genome Atlas (TCGA) database. Initially, a screening process was
undertaken to identify prognostically significant immune-related genes (IRGs),
followed by the application of logistic regression and least absolute shrinkage
and selection operator (LASSO) regression methods for gene modeling.
Subsequently, the final model was constructed using support vector
machines-recursive feature elimination (SVM-RFE). Following model
evaluation, quantitative polymerase chain reaction (qPCR) was employed to
examine the gene expression profiles in tissue samples obtained from our
cohort of 54 patients with HCC and an independent cohort of 231 patients,
and the prognostic relevance of the model was substantiated. Thereafter, the
association of the model with the immune responses was examined, and its
predictive value regarding the efficacy of immunotherapy was corroborated
through studies involving three cohorts undergoing immunotherapy. Finally,
the study uncovered the potential mechanism by which the model contributed
to prognosticating HCC outcomes and assessing immunotherapy effectiveness.

Results: SVM-RFE modeling was applied to develop an OS prognostic model
based on six IRGs (CMTM7, HDAC1, HRAS, PSMD1, RAETI1E, and TXLNA). The
performance of the model was assessed by AUC values on the ROC curves,
resulting in values of 0.83, 0.73, and 0.75 for the predictions at 1, 3, and 5 years,
respectively. A marked difference in OS outcomes was noted when comparing
the high-risk group (HRG) with the low-risk group (LRG), as demonstrated in both
the initial training set (P <0.0001) and the subsequent validation cohort
(P <0.0001). Additionally, the SVMRS in the HRG demonstrated a notable
positive correlation with key immune checkpoint genes (CTLA-4, PD-1, and
PD-L1). The results obtained from the examination of three cohorts undergoing
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immunotherapy affirmed the potential capability of this model in predicting
immunotherapy effectiveness.

Conclusions: The HCC predictive model developed in this study, comprising six
genes, demonstrates a robust capability to predict the OS of patients with HCC
and immunotherapy effectiveness in tumor management.
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Introduction

Hepatocellular carcinoma (HCC), a predominant subtype of
primary liver cancer, constitutes approximately 75-85% of all such
cases and ranks as one of the most prevalent malignancies affecting
the digestive system on a global scale (1). Data from CLOBOCAN
2020 reveal that the global annual incidence of new liver cancer
cases per year has increased to 905,677 (1). Correspondingly, it is
ranked the sixth most common form of malignancy. With a death
toll of 830,1.8 million, it is also ranked third in terms of mortality
(1). In addition, a persistent increase is projected in the number of
new liver cancer cases, potentially establishing it as the foremost
cause of cancer-related deaths in many countries (2). However,
patients with early-stage HCC can improve their chances of survival
by undergoing radical treatment. Nonetheless, it is important to
note that even with this aggressive approach, the 5-year recurrence
rate remains as high as 70% (3). Hence, facilitating the identification
of patients at risk of unfavorable clinical outcomes is essential for
the prompt detection of recurrence and metastasis in HCC. Such
progress is key for timely treatment and mitigation of the disease
burden on patients with HCC.

At present, immune checkpoint inhibitors (ICIs) are widely
used to treat patients with advanced HCC. In this context, two
extensive clinical trials have demonstrated that combining ICIs and
VEGEFR-targeted drugs is superior to sorafenib in treating patients
with advanced HCC (4, 5). Among these studies, the IMbravel50
trial highlighted that administering a combination therapy of
atezolizumab (PD-L1 inhibitor) and bevacizumab outperformed
sorafenib in augmenting overall survival (OS) and progression-free
survival (PFS) outcomes in individuals with advanced, unresectable
HCC when utilized as the first-line treatment (4). The ORIENT-32
trial, which assessed the effectiveness of combining Sintilimab (PD-
1 inhibitor) with IBI305 (bevacizumab biosimilar) in treating
unresectable HBV-associated HCC in a Chinese patient cohort,
revealed notable improvements in both OS and PFS compared to
the sole administration of sorafenib as a first-line treatment (5).
Thus, the pivotal challenge lies in pinpointing biomarkers capable
of accurately predicting the response of patients with HCC to IClIs.
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Such identification is essential to protect patients from unbeneficial
therapies and to diminish both healthcare and financial burdens (6).

Our study initially screened immune-related genes (IRGs)
associated with patient prognosis, followed by the application of
various machine learning techniques for modeling. Once the
optimal model was selected, its clinical application value was
validated using our cohort and multiple data sets from various
sources. Thus, the primary objective was to establish a model that
can be utilized for prognostic evaluation to precisely diagnose
HCC, while also predicting adverse clinical outcomes and offering
timely intervention. Furthermore, the model demonstrated a
notable potential in predicting the efficacy of immunotherapy,
with an objective to categorize the immunotherapeutic responses
in patients with HCC and to aid in the optimization of
clinical pharmacotherapy.

Materials and methods
Data acquisition and processing

The TCGAbiolinks package (version: 2.28.4) (7) in R (version:
4.2.2) software was utilized to retrieve liver hepatocellular
carcinoma (LIHC) patient data, including clinical information
and gene expression spectrum matrix, from The Cancer Genome
Atlas Program (TCGA) database (https://portal.gdc.cancer.gov/) on
November 15, 2022. The training set consisted of 305 samples with
HCC, PFS, and OS data for a period of at least 30 days. These
samples had complete clinical stage information, prognostic follow-
up information, and expression profile matrix. The transcript
abundance data measured in transcripts per kilobase (TPM) and
the gene symbol table associated with the ENSID were acquired
separately. When there were multiple matches between the gene
symbol and ENSID, the median value of expression data was
selected. Additionally, genes with no expression (TPM = 0) in
more than half of patients with LIHC were excluded.

In addition, the DNA methylation- and RNA-based stemness
score (RNAss), was obtained from the UCSC Xena database
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(https://xenabrowser.net/datapages) (8) on December 11, 2022.
This data was used for the subsequent analysis of tumor stemness
correlation in the training sets.

The validation datasets of this study consisted of 54 patients
who were diagnosed and treated for stage I-IV HCC between
January 1, 2015, and December 31, 2016. These patients were
identified based on strict admission criteria using pathology. The
primary inclusion criteria were as follows: 1) initial diagnosis made
at our hospital; 2) absence of any other malignancies; 3) availability
of complete follow-up data. OS was delineated as the duration from
the initial identification of HCC in a patient to the point of either
their death or the conclusion of the follow-up period. The follow-up
concluded on December 31, 2021, incorporating outpatient
consultations and telephone-based follow-ups. The present
research received approval from the Clinical Research Ethics
Committee of the Second Xiangya Hospital, Central South
University (Approval No. LYF2022070). Prior to hospitalization,
all patients had provided their explicit consent by signing informed
consent forms. Another independent ICGC-LIRI-JP HCC cohort
data were extracted from 231 patients with HCC and their
corresponding clinical information in the International Cancer
Genome Consortium (ICGC) database (https://dcc.icgc.org/).

Additional three validation datasets containing gene expression
and clinical information were obtained from TIGER (http://
tiger.canceromics.org) (9) on March 20, 2023. These datasets,
which are independent of the main dataset, include three cohorts:
Melanoma-phs000452 (10), non-small cell lung cancer (NSCLC)-
GSE135222 (11), and renal cell carcinoma (RCC)-Braun_2020 (12).
Specifically, the Melanoma-phs000452 cohort involved 153 patients
receiving an anti-PD-1 drug, the NSCLC-GSE135222 cohort had 27
patients undergoing treatment with an anti-PD-1 drug, and the RCC-
Braun_2020 cohort consisted of 311 patients who received treatment
with a combination of anti-PD-1 and Everolimus drugs. The IRGs
were singled out from the ImmPort database (accessible at https://
www.immport.org/shared/genelists) (13) on December 20, 2022. A
total of 1793 IRG were identified after eliminating duplicate genes.

Univariate survival analysis

To pinpoint the genes implicated in the OS and DFS among
patients in the training set, a univariate survival analysis was carried
out using the Survival package (version 3.3-1) in the R 4.2.2
software environment. Next, the two gene sets mentioned above
were compared with IRG. After identifying the overlapping genes,
the expression matrix of these genes was extracted from the
verification set for further modeling. The survival curve was
generated utilizing the ggsurvplot function from the survminer
package (version: 0.4.9). The optimal threshold for gene
classification was established using the surv_cutpoint function,
which facilitated classifying genes into high- and low-expression
groups based on this threshold. Subsequently, the hazard ratio
(HR), along with its 95% confidence interval (CI) and P-values
for the genes incorporated in the model, were graphically depicted
using the forestploter package (version 1.0.0).
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Logistic and least absolute shrinkage and
selection operator regression analysis

In medical research, logistic regression stands out as a crucial
statistical method for analyzing the intricate relationship between
diseases and their pathogenic factors, providing valuable insights
into the underlying mechanisms of disease development (14).
LASSO regression, on the other hand, offers the advantage of
flexibility in handling both continuous and discrete dependent
variables with minimal data requirements, making it widely
applicable, while also facilitating variable selection and reducing
model complexity (15).

Following the processing of the gene expression profile and
patient survival data, Logistic and LASSO regression models were
built using the glmnet package (version: 4.1-6) (16, 17). Among
them, logistic regression was employed to model the survival status
of patients, using it as the dependent variable. The regression
analysis involved the use of glm and step functions, with the
direction set as “both”. Finally, variables with a significance level
of P <0.05 were selected for the construction of the logistic
regression model. In the LASSO regression analysis, the family
was set to “binomial”, alpha was set to “1”, nfolds was set to “107,
and lambda.lse was selected based on the coef function the
acquisition of the regression coefficients of each gene.
Subsequently, the LASSO regression model was then constructed
based on this selection. The risk scores of the two aforementioned
models were obtained using the predict function and designated as
the logistic regression risk score (LRRS) and the LASSO-associated
risk score (LARS), respectively.

Support vector machine-recursive feature
elimination analysis and modeling

SVM-REFE, as an embedded method widely utilized in pattern
recognition and machine learning, demonstrates its practical value
by effectively employing structural risk minimization to enhance
learning performance, utilizing a sequential backward selection
algorithm to iteratively refine feature sets, and ultimately enabling
the construction of prognostic models and analysis of
immunotumor microenvironment correlations through targeted
gene screening (18, 19). The significant variables identified in the
logistic regression analysis were combined with the variables used in
constructing the LASSO regression model. The resulting Venn
diagram was generated using the Vennerable package (version
3.0). After integrating the above-mentioned variables with the
patient survival information, the caret package (version: 6.0-94)
(20) was used for the Recursive Feature Elimination (RFE);
herein, the function was set to “caretFuncs”, the method was set
to “cv’, and the number was set to “10”. After filtering out
the optimal factors for modeling, SVM modeling was conducted
using the e1071 package (version 1.7-14), the type was specified as
“C-classification”, and the kernel was set to “radial”. The decision
values of this model were utilized as risk scores and designated as
support vector machine risk score (SVMRS).
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Model evaluation

Cutoff values for risk scores across the three models were
established through the surv_cutpoint function in the survminer
package. Based on these values, patients were categorized into high-
risk group (HRG) and low-risk group (LRG). The risk scores and
groupings from the three models were then combined with the
patient data for further evaluation of the models.

To assess the differentiation of the aforementioned models, we
utilize the cindex function from the pec package (version:
2023.04.12) (21) for both evaluation and visualization purposes.
Subsequently, decision curve analysis (DCA) was conducted
utilizing the rmda package (version 1.6) to ascertain the clinical
net benefit derived from the three models. The predictive
performance of each mode was examined by computing the area
under the curve (AUC) values at three different time intervals: 1
year, 3 years, and 5 years. For these calculations, the timeROC
package (version: 0.4) (22) was utilized, and the results were visually
represented through the receiver operating characteristic (ROC)
curves. In addition, the confusion matrices were examined and
graphed using the yardstick package (version 1.2.0). To assess the
model’s ability to accurately recall patients who experienced a fatal
clinical outcome, we utilized modEvA (version: 3.9.3) (23) to
generate precision-recall curves (PRC) and calculate their AUC
values. Finally, to evaluate the level of calibration of the models, the
calibration curves and nomogram diagrams were drawn using the
calibrate functions and nomogram functions of the rms package
(version: 6.5.0). The evaluation and comparison of all the
aforementioned differentiations and calibrations were
consolidated to establish the ultimate prognostic model suitable
for the study cohort. The risk factor correlation diagrams, ROC
curves, and survival curves were generated based on the risk score,
patient survival, survival time, and gene expression of each model.

Correlation analysis between SVMRS or
IRGs and clinical pathological features of
TCGA-LIHC

From the clinical information of TCGA-LIHC patients, a
representative set of features, including stage, comorbidities, and
Eastern cooperative oncology group (ECOG) performance scores,
were selected. We then analyzed whether these clinical pathological
features exhibited significant differences and correlations between
patient groups based on SVMRS values and the TPM expression
levels of the six IRGs utilized in the construction of models.

Real-time quantitative polymerase chain
reaction and validation of the prognostic
value of models

For RT-qPCR analysis, total RNA from 54 liver tissue samples
(from patients in our cohort) embedded in paraffin was isolated
utilizing the BIOG RNA FFPE Tissue Kit in accordance with the
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guidelines specified by Baidai (Changzhou, China). The synthesis of
cDNA was accomplished utilizing the Evo M-MLV RT Mix kit
complemented with gDNA Clean (Accurate Biotechnology, Hunan,
China). To ascertain the SVMRS, the detection of the expression of
the genes to be tested was conducted through qPCR utilizing the
SYBR® Green Pro Taq HS qPCR KIT (Accurate Biotechnology,
Hunan, China). The gene expression levels were standardized using
the 18S rRNA as a reference. The primers and their corresponding
sequences are documented in Supplementary Table S1. We utilized
the SVMRS (Support Vector Machine Regression Score) of each
patient, along with their prognosis and survival information, as well
as gene relative expressions in our cohort. Subsequently, the risk
factor correlation diagrams, ROC curves, and survival curves were
generated to validate the prognostic significance of the model.
The aforementioned analytical approaches were also utilized in
the independent ICGC-LIRI-JP HCC cohort to validate the
prognostic predictive value of the model.

Tumor stemness and immune cell
infiltration analysis

The data from the TCGA database exhibited a positive
association between the stemness score of HCC and unfavorable
clinical outcomes in patients. This finding implies a notable
correlation of the tumor stemness score with the OS and PFS in
the context of TCGA-LIHC (24). Consequently, we examined the
disparities in six tumor stemness scores between the HRG and LRG.
This comparison was done as per the tumor stemness scores derived
from 305 samples and the corresponding risk groups of patients in
the training set. Moreover, a prominent association was identified
between the stemness scores and the tumor immune
microenvironment (TIME) (24). Consequently, the distribution of
22 different types of immune cells in the training set was analyzed
using the CIBERSORT package (version: 0.1.0) (25). Subsequently,
we examined the variations in immune cell types between groups
based on the HRG and LRG of patients.

Analysis and validation of immunotherapy
efficacy prediction

The genes examined in this study were IRG, which may possess
specific prognostic significance for immunotherapy effectiveness.
To substantiate this hypothesis, we initially examined the variations
in expression levels of four frequently utilized immunotherapy drug
targets: CTLA-4, PDCDI (PD-1), CD274 (PD-L1), and PDCD1LG2
(PD-L2), between HRG and LRG. Subsequently, the expression
correlations between SVMRS and the aforementioned four genes
were examined based on the classification into HRG and LRG. This
analysis aimed to make an initial assessment of the potential
immune prediction value.

Subsequently, we employed three distinct validation cohorts
that had undergone immunotherapy. These cohorts were then
classified into HRG and LRG using SVM-RFE modeling following
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the same methodology. The study then focused on examining the
differences in SVMRS between the HRG and LRG, with an
emphasis on evaluating the immunotherapy responses in the
validation cohorts. The predictive performance of the model for
the immunotherapy responses was further verified by conducting
survival analyses in conjunction with the prognostic information
of patients.

Functional enrichment and
pathway analysis

To delve into the mechanistic underpinnings of differentiating
the HRG from the LRG, we initially analyzed the differentially
expressed genes (DEG) using the limma package (version: 3.56.2)
(26). This investigation was carried out with a fold change threshold
of “2” and a false discovery rate (FDR) of “0.05”. The list of DEGs
was used to conduct Gene Ontology (GO) enrichment analysis
through the application of the clusterProfiler package (version:
4.8.3) (27, 28). The data were graphically depicted using the
GOplot package (version 1.0.2) (29). Subsequently, the gene list
and fold change value were utilized to conduct gene-set enrichment
analysis based on the Kyoto Encyclopedia of Genes and Genomes
(GSEA-KEGG). A threshold of P <0.05 was set to ascertain the
statistical significance of the results. Visualization of the GSEA
results was achieved through the dotplotGsea function in the
GseaVis package (version: 0.0.9) and the gseaNb function from
the same package. Additionally, the cnetplot function from the
enrichplot package (version: 1.20.3) was used for visualization.

The identified pathways of interest were retrieved from the
PathCards database (https://pathcards.genecards.org/) (30). The
expression matrix of these genes was extracted and used for
expression correlation analysis with SVMRS. Each gene was
analyzed individually. The ComplexHeatmap software (version
2.16.0) (31, 32) was used for visualization.

Statistical analysis

The data in this study underwent statistical analysis using
GraphPad Prism software (version 9.0.0, San Diego, California,
USA) for both statistical analysis and image rendering. The
software package of the method utilized default parameters for
the parameters that were not specified. Additionally, the ggplot2
package (version: 3.3.5) (33) was employed for data visualization,
which was not explicitly mentioned. Spearman correlation
analysis was used for correlation analysis. The scatterplots were
generated using Sangerbox (http://www.sangerbox.com/tool)
(34). Additionally, the study utilized the Mann-Whitney rank
sum test for the analysis of continuous variables of skewed
distribution between two groups. In contrast, when data
conformed to a normal distribution with consistent variance,
the Student’s t-test was utilized for executing a comparative
analysis between the two groups. For the comparative analysis
of multiple sets of data that satisfy the assumptions of
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homogeneity of variance and normal distribution, Ordinary
one-way ANOVA should be employed, followed by Holm-
Sidak’s multiple comparisons test for pairwise comparisons
within the groups. However, if these assumptions are not met,
the Kruskal-Wallis test should be utilized for the comparison
among multiple groups, accompanied by Dunn’s multiple
comparisons test for within-group comparisons. For discrete
variables, the Chi-square test was used for comparison between
groups. A significance level of P <0.05 was used to determine
statistical significance (*P <0.05, **P <0.01, ***P <0.001,
0D £().0001).

Results

The SVM-RFE model was developed using
6 prognosis related genes

The analytical flow chart for this study is shown in Figure 1. As
observed, the univariate survival analysis revealed that there were
6608 genes influencing PFS and 9772 genes influencing OS in the
training set. Furthermore, 81 genes were obtained after the
intersection with IRG, which were used for subsequent modeling
(Supplementary Figure S1). Additionally, logistic regression
analysis identified eight genes, while LASSO regression analysis
screened seven genes. Among these, two genes were found to be
common to both methods. Therefore, a total of 13 genes were
selected for SVM-RFE modeling (Figure 2A). Following the RFE
analysis, a total of six genes were selected to be included in the
construction of the final model (Figure 2B). The HR, 95% CI, and P-
values for these genes in the univariate analysis are shown in
Figure 2C, demonstrating that all six genes were identified as risk
factors. Moreover, these six genes were identified as prognostic
markers and were found to have an impact on the OS of patients in
TCGA-LIHC. The specific genes are as follows: CMTM?7
(P <0.0001, HR = 1.05, Figure 2D), HDACI (P <0.0001, HR =
1.01, Figure 2E), HRAS (P <0.0001, HR = 1.01, Figure 2F), PSMD1
(P <0.0001, HR = 1.07, Figure 2G), PAET1E (P = 0.00017, HR =
6.97, Figure 2H), TXLNA (P <0.0001, HR = 1.03, Figure 2I).

SVM-RFE model was found to be the best
model in this study

As per the aforementioned outcomes, the SVM-RFE model
exhibits the advantage of having a limited number of constituent
genes. Thus, to further verify the optimal nature of this model in our
study, we conducted additional evaluations focusing on
differentiation and clinical applicability. Upon analyzing the
fluctuation of the C-statistic in relation to the OS time, we
determined that the SVM-RFE model exhibited the highest level
of effectiveness (Figure 3A). Similarly, the DCA outcomes indicated
that all three models were capable of enhancing the net benefit, with
the SVM-RFE model exhibiting the greatest increase in net benefit
(Figure 3B). Additionally, the time-dependent ROC curve analysis
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FIGURE 1
Flow chart of this study.

revealed that the SVM-RFE model achieved AUC values of 0.83,
0.73, and 0.75 for the 1-, 3-, and 5-year OS predictions, respectively
(Figure 3C). In addition, the SVM-RFE model was found to
outperform both the logistic regression model (Supplementary
Figure S2A) and the LASSO regression model (Supplementary
Figure S2B). Furthermore, the accuracy of the SVM-RFE model
(75.08%) was higher (Figure 3D) than that of the logistic regression
model (70.16%, Supplementary Figure S2C), as well as the LASSO
regression model (69.51%, Supplementary Figure S2D). Meanwhile,
we constructed the Precision-Recall Curve (PRC) to evaluate the
efficacy of these three models in accurately identifying dead
samples. As observed, the use of the logistic, LASSO, and SVM-
RFE models improved the probability of detecting dead cells from
an initial 33.77% (103/105) to 63.2% (Supplementary Figure S2E),
52.3% (Supplementary Figure S2F), and 68.9% (Figure 3E),
respectively, with the SVM-RFE model having the highest
precision-recall rate among the three models. Thus, the SVM-RFE
model proved to be the most effective model in this study. In
addition, the risk score of the model also indicated a high goodness
of fit (Figures 3F, G).
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The model has potential value in
prognostic prediction

By calculating the Survival-associated Variable Model Risk
Score (SVMRS) for each patient and integrating the survival
status and gene expression values, risk factor association diagrams
were generated to assess the prognostic prediction of the risk score
for the 305 patients. Figure 4A demonstrates the arrangement of
patients based on their risk scores, ranging from low to high. The
optimal cut-off value for SVMRS (-0.9214) was employed to classify
patients into HRG and LRG. The mortality rate in the HRG was
significantly higher than that in the LRG, and all the genes with
elevated expression levels were exclusively found in the HRG,
indicating that these genes were all associated with increased risk.
Additionally, the ROC curve demonstrated an AUC value of 0.76
for this model’s ability to predict patient mortality in the training set
(Figure 4B). Furthermore, a statistically noteworthy contrast in the
OS rate was found between the HRG and LRG (Figure 4C). This
result indicates that individuals with an elevated SVMRS risk score
were more prone to unfavorable outcomes.
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FIGURE 2

Construction of the SYM-RFE model. (A) Venn diagram of the genes included in the three models during the initial screening; (B) Line chart for the
change in accuracy with the increase in variables during the analysis; (C) Univariate survival analysis forest plot, based on the gene symbol, HR, 95%
Cl, and P value; D-I. Survival curves plotted as per the optimal cut-off value for each gene group; the genes were: (D) CMTM?7, (E) HDACL, (F) HRAS,

(G) PSMD1, (H) RAETLE, and (I) TXLNA, respectively.

Similarly, the prognostic performance of this model was verified
using our validation cohort. As indicated by the risk factor diagram
(Figure 4D), all six genes were confirmed to be risk factors. In addition,
the ROC curve of our validation cohort indicated that the model
accurately predicted patient mortality, as evidenced by an AUC value of
0.77 (Figure 4E). The results of survival analysis also demonstrated a
significantly poorer clinical prognosis in the HRG compared to the
LRG (Figure 4F). In the independent ICGC-LIRI-JP HCC cohort, we
also observed consistent results with those mentioned previously.
Specifically, the risk factor diagram (Supplementary Figure S3A),
ROC curves (Supplementary Figures S3B, C), survival curve
(Supplementary Figure S3D), and confusion matrix (Supplementary
Figure S3E) all indicated that the model effectively stratified patients
into risk groups and accurately predicted their OS. Thus, based on the
analysis and validation conducted, it can be concluded that this model
holds promise in predicting OS in patients with HCC.

SVMRS and the six IRGs were correlated
with selected clinicopathologic features of
HCC patients

Further clinical correlation analysis of SVMRS and the
expression profiles of six IRGs utilized in model construction
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revealed that HRAS (Supplementary Figure S4A), PSMDI1
(Supplementary Figure S4B), and SVMRS (Supplementary Figure
$4C) were associated with T stage, with their values generally
increasing alongside T stage progression. Additionally, PSMD1
(Supplementary Figure S4D) was found to be related to N stage,
exhibiting significantly higher expression in the N1 group. HRAS
(Supplementary Figure S4E), PMSD1 (Supplementary Figure S4F),
TXLNA (Supplementary Figure S4G), and SVMRS (Supplementary
Figure S4H) were associated with stage, where higher values
corresponded to later stages. These findings further validate the
prognostic predictive value of our constructed model.

Moreover, from the perspective of patients’ comorbidities,
RAETIE (Supplementary Figure S5A) and SVMRS (Supplementary
Figure S5B) were associated with comorbidities. Specifically, TXLNA
was linked to hepatitis B (Supplementary Figure S5C), SVMRS to
hepatitis C (Supplementary Figure S5D), and RAETIE to non-
alcoholic fatty liver disease (Supplementary Figure S5E). Regarding
ECOG performance scores, the expression levels of HDACI
(Supplementary Figure S5F), PSMD1 (Supplementary Figure S5G),
and CMTM?7 (Supplementary Figure S5H) correlated with them,
where higher scores corresponded to increased gene expression.
Similarly, SVMRS demonstrated a correlation with ECOG scores,
as shown in Supplementary Figure S5I. This suggested that higher
SVMRS values are associated with comorbidities and increased
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ECOG scores, indicating a poorer prognosis for patients with HCC.
The clinical correlation analysis of risk grouping exhibited high
consistency with SVMRS, except for hepatitis C, where no
significant statistical differences were observed. However, the
differences in T stage, overall Stage, comorbidities, and ECOG
scores aligned with SVMRS (Supplementary Table S2), suggesting
the feasibility of the risk grouping approach employed in this study.

Differences in RNAss and immune cell
infiltration between HRG and LRG

The investigation into tumor stemness unveiled a noteworthy
difference in the RNAss and the epigenetically regulated RNAss
(EREG.EXPss) between the HRG and LRG. Accordingly, the values
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of RNAss (P = 0.0035) and EREG.EXPss (P = 0.0217) were
prominently augmented in the HRG compared to the LRG
(Figure 5A). Given the correlation between this value and the
TIME, we proceeded to perform a detailed analysis of the
differences in the proportion of 22 different types of immune cell
subtypes between the two groups. The distribution of immune cells
in 305 samples in the training set was depicted in Figure 5B,
while the comparison of proportions between the HRG and
LRG was illustrated in Figure 5C. The analysis comparing
HRG and LRG revealed that the LRG exhibited a higher
proportion of T cell CD4 memory resting (P = 0.0113),
monocytes (P = 0.0003), and mast cells resting (P = 0.0055).
Moreover, the HRG exhibited a higher proportion of T cells CD4
memory activated (P = 0.0415), macrophages MO (P <0.0001), and
neutrophils (P = 0.0264) (Figure 5D).
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FIGURE 5

Immune microenvironment analysis of the model. In the training set: (A) RNA-based stemness scores were analyzed between HRG and LRG and
represented using a boxplot; (B) Stacking histogram representing the proportion of 22 types of immune cells; (C) Heat map representing the
proportion of 22 kinds of immune cells between the HRG and LRG; (D) Boxplot for the difference of 22 types of immune cells between the HRG and

LRG; *P <0.05, **P <0.01, ***P <0.001, ****P <0.0001.

The model has potential value in predicting
immunotherapy response

The outcomes of the analytical investigations revealed
significant differences in immune checkpoint gene (ICG)
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expression between HRG and LRG. Specifically, the expression
levels of four widely utilized immunotherapy drug targets, viz.,
CTLA-4 (P <0.0001), PD-1 (P <0.0001), PD-L1 (P = 0.0124), and
PD-L2 (P = 0.0182), were notably higher in the HRG compared to
the LRG (Figure 6A). In addition, the correlation analysis indicates
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that CTLA-4 (P = 0.0018, R = 0.28, Figure 6B), PD-1 (P = 0.03,
R = 0.20, Figure 6C), and PD-L1 (P = 0.03, R = 0.21, Figure 6D)
exhibited a significant positive correlation with SVMRS in the HRG.
However, no correlation was observed in the LRG. Thus, while the
statistical significance of the correlation between PD-L2 and
SVMRS in HRG was not established, a noticeable trend could be
observed (P = 0.07, R = 0.17, Figure 6E). Hence, we hypothesized
that the HRG may exhibit greater susceptibility to immunotherapy.

To verify the aforementioned hypothesis, three independent
cohorts from different platforms were utilized as immunotherapy
validation datasets for further analysis. All patients in the three
cohorts received treatment with anti-PD-1 medications, and both
the effectiveness of the drugs and the prognosis of the patients were
recorded. The analysis of differences revealed that the SVMRS in the
group of individuals who responded was significantly greater than
that in the group of individuals who did not respond in the
Melanoma-phs000452 cohort (P = 0.0004). Similar results were
observed in the NSCLC-GSE135222 cohort (P = 0.0112) and the
RCC-Braun_2020 cohort (P = 0.0236) (Figure 7A). Furthermore,
the survival analysis demonstrated statistically significant disparities
between the HRG and LRG in all three cohorts: Melanoma
phs000452 (P <0.0001, Figure 7B), NSCLC-GSE135222
(P = 0.0001, Figure 7C), and RCC-Braun_2020 (P <0.0001,
Figure 7D). Previous analyses have revealed that the HRG, which
had a worse prognosis, experienced significantly longer survival
after undergoing immunotherapy. This survival advantage was
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notably superior to that of the LRG, indicating that the HRG
could derive substantial benefits from immunotherapy. Thus, it
was verified that the model possesses the capability to predict
immunotherapy effectiveness.

Signaling pathways related to
tumorigenesis and immune progression
were activated in the HRG

The differential expression analysis of DEGs between HRG and
LRG identified a total of 341 genes. Among these DEGs, 89 exhibited
upregulated expression and 252 exhibited downregulated expression in
the HRG (as shown in Figure 8A; Supplementary Table S3). Further,
the GO enrichment analysis of these 341 DEGs pointed to their
potential roles in the regulation of the top 10 biological processes,
cell components, and molecular functions (Figures 8B-D). The details,
as well as the corresponding GO enrichment results, are shown in
Supplementary Table S4. As observed, these genes are found to be
primarily associated with tumor metabolism. Further analysis of the
GSEA-KEGG pathway revealed the top 10 pathways that were either
suppressed or activated. These pathways are presented in Figure 8E and
are ranked based on the normalized enrichment score (NES).
Additionally, it is evident that the inhibited pathways exhibited an
increase in metabolic activity, whereas the stimulated pathways were
associated with the development of tumors and immune processes.
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Predictive value of the model for immunotherapy response. (A) Boxplot of the difference of SVMRS between the response and no response group
using the three immunotherapy validation datasets. (B—D). Survival curve as per the patient’s risk groups and the survival status of patients in three
immunotherapy validation cohorts, (B) Melanoma-phs000452, (C) NSCLC-GSE135222, and (D) RCC-Braun_2020; *P <0.05, ***P <0.001.

Nine pathways that were activated in the HRG were selected
from all the relevant pathways (as shown in Supplementary Table
S5). The pathways associated with tumorigenesis comprised the cell
cycle, DNA replication, and the Toll-like receptor (TLR) signaling
pathway (Figure 8F). In addition, the tumor progression pathways
identified were microRNAs in cancer, transcriptional dysregulation
in cancer, and pathways in cancer (Figure 8G). Moreover, the
immune-related pathways identified were antigen processing and
presentation, primary immunodeficiency, and IL-17 signaling
pathway (Figure 8H). Subsequently, visualization of the
interconnection network among the aforementioned 9 exemplary
pathways was performed, and a strong correlation between all 9
pathways was observed (Figure 9A). Finally, the study focused on
examining the expression profiles of key genes involved in the TLR
signaling pathway, which are associated with tumorigenesis and
immune processes. Notably, a correlation analysis was conducted to
examine the relationship between the SVMRS and the expression of
the six genes constituting the model, as depicted in Figure 9B. All
the key genes in the TLR signaling pathway exhibited statistically
significant correlations with SVMRS or the six genes utilized in the
modeling. This indicates that these key genes in the model are likely
to have an immunoregulatory and cancer-promoting function by
participating in the regulation of this pathway. This could also be
one of the intrinsic mechanisms contributing to the unfavorable

Frontiers in Immunology

prognosis and heightened vulnerability to immunotherapy in the
HRG of patients.

Discussion

In recent years, numerous studies have focused on using
sequencing data to identify markers that can impact the prognosis
of patients with HCC and develop corresponding models, aiming to
enhance the accuracy of patient prognosis prediction and provide
guidance for clinical practice (35-37). For instance, Wang et al. (35)
developed four gene signature models associated with disulfidptosis
to predict OS outcomes in the context of HCC. Herein, the calculated
AUC values of ROC for OS at 1, 3, and 5 years in the training set were
0.766, 0.736, and 0.699, respectively, demonstrating noteworthy
potential in predicting the effectiveness of anti-tumor therapy.
Furthermore, Chen et al. (36) constructed a model to predict the
OS of patients with HCC using five genes related to cuproptosis. In
the training set, the calculated AUC values of ROC for the model
were recorded at 0.775, 0.685, and 0.670 for 1, 3, and 5 years,
respectively. In addition, Shi et al. (37) have successfully developed
a ten epithelial-mesenchymal transition (EMT)-related genes
signature prognostic model for HCC, validating its accuracy in
stratifying patients into high and low-risk groups using datasets

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1371829
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Liu et al.

10.3389/fimmu.2024.1371829

A B Cc D
GO: Biological Process GO: Cellular Component GO: Mollecular Function
~logy P value ' o
» ; : o T P, o
H %, @ %, Wﬁ
' APAN B = S N
. ¢ o’ INAY S 2
EH § g § 4 ‘ § g
g 0 i g i) 0 g a
; Z e N : 0 ;
’cn @w L e W S @'
&
2, a2 RN TN
: “t"”"-be o RNy ““”"”Os s"w
° logFC 2z-score logFC 2-score logFC 2-score
5 T s z o dowvequited © uprequiated [N o doneguited © upreguistea [ o downveguited  vpreguioed [
decreasing ncreasing dacressing ncressing decrsning incsasing
E F
activated ‘ © NES Pvalue Adjusted Pvalue
Cell cycle . <] 269 <0.001 <0001
DNA replication () 3 ¢ 226 <0.001 <0.001
Ribosome . E 164  0.003 0.009 Term Name
Spiceosorme ° P.adjust % 0.4 — Cell Cycle
Leishmaniasis ° M g — DNAReplication
Anigen processing and presentation | 0 w0 o2 — Pty cPor Signaiing
Rheumatoid arthritis [ ] £
_— 1e-04 c
Homologous recombination 1 é
00 = = = = = = = = = - - ==
Bladder cancer- .
McioRis n cenoes L Cant [ 1l [ T LT [ TLI
Glycine, serine and threonine metabolism { [ ] _
Bt o o= 110 T )
i o o>  LIDMLIT I il L]
Steroid hormone biosynthesis- [} [ X
Retinol metabolism{ [ ] o % 1
Fatty acid degradation [ ] 0« 3
Chemical carcinogenesis ~ DNA adducts- [ ] o 2L nam el
Complement and coagulation cascades () =z
Drug metabolism - cytochrome P450- [ ] &
Metabolism of xenabiotcs by cytochrome P450- @ -2
27 -26 -25 20 22 24 26 5000 10000 15000 20000
NES Rank in Ordered Dataset
G H
- NES Pvalue Adjusted Pvalue © 06 NES Pvalue Adjusted Pvalue
S04 197 <0001 <0.001 ] 206 <0.001 <0001
8 E 0.002 0.007 a 193 <0.001 0.001
z <0001 0.001 Term Name £ oa =00 =001 Term Name
g 0.2 == MicroRNAs In Cancer % == Antigen Processing And Presentation
2 — ‘g:r?sc:iplional Misregulation In 2 S A —
) — Pathways In Cancer W o2 — IL-17 Signaling Pathway
E 0 = = = = £
€ 15
S S
4 [rE O | | A N
LU T
B 1 B 14
2 2
T OF === = m e - e - - - - - T O === = = m e - - - - -
= < 1]
© @
4 4
- 24
5000 10000 15000 20000 5000 10000 15000 20000
Rank in Ordered Dataset Rank in Ordered Dataset
FIGURE 8
Functional enrichment analysis of key differential genes in the model. In the training set: (A) The volcano plot is based on risk groups for differential analysis,
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from TCGA and International Cancer Genome Consortium (ICGC),
and its risk score tightly correlates with tumor stage, grade, and
immune cell infiltration, exhibiting significant prognostic value with
ROC AUC values of 0.767, 0.694, and 0.680 at 1-, 2-, and 3- year OS
in the training set, respectively. In our study, we developed a
prognostic model based on machine learning consisting of six IRGs
for predicting the survival of patients with HCC. Accordingly, the
calculated AUC values of ROC for 1-, 3-, and 5-year OS were 0.83,
0.73, and 0.75, respectively, demonstrating the significance of
predicting OS in patients with HCC.
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All of the six key genes used to build the model were IRG, of
which CMTM?7, belonging to the Chemokine-like factor (CKLF)-
like MARVEL transmembrane domain-containing proteins
(CMTM) family, plays a crucial function in the immune system
and is abundantly expressed in immune tissues (38). CMTM7
functions as a tumor suppressor in various types of cancer within
the field of cancer research. For example, knockdown of CMTM7
was observed to impair the process of autophagy and accelerate the
development of tumors in lung cancer (39). Moreover, CMTM7 was
also found to serve as a potential biomarker for identifying
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Pathways regulated by the key genes of the model. (A) The interaction network constructed by the nine representative pathways; each gray dot
represents a gene; different pathways were represented using different colors; (B) SVMRS and the six genes used in modeling correlated well with
the expression of key genes involved in the TLR signaling pathway. The lower left half triangle in each column represents the correlation coefficient.
Blue represents a negative correlation and red represents a positive correlation; the darker the color, the stronger the correlation. The upper right
half triangle represents the results of Spearman correlation analysis; *P <0.05, **P <0.01, ***P <0.001, ****P <0.0001.

immunological traits and predicting immunotherapy effectiveness
in breast cancer (40). On the other hand, HDACI is critically
involved in regulating gene expression by modulating the
acetylation of both histone and non-histone proteins (41).
Correspondingly, its overexpression has been frequently
associated with the progression, metastatic potential, and
prognostic outcomes of multiple cancer types, including colon,
gastric, prostate, and breast cancers. In addition, HDACI is
linked to unfavorable prognosis and resistance to chemotherapy
in cases of pancreatic cancer (42). Moreover, HDAC inhibitors
exhibit potent anticancer effects in hematological malignancies and
hold promise as potential therapeutic agents for treating colorectal
cancer (43) and triple-negative breast cancer (44). HRAS also
comprises a prevalent oncogene, which is positioned upstream of
the RAS/MAPK signaling pathway and plays a pivotal role in
transmitting signals from the extracellular environment to the
nucleus, leading to cell growth, division, proliferation, and
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differentiation (45). HRAS mutations have the ability to trigger
YAP1-AXL signaling, leading to metastasis in head and neck cancer
(46). Moreover, HRAS overexpression in gastroenteropancreatic
neuroendocrine tumors is strongly associated with a notable
response to lenvatinib (47). Additionally, PSMDI1 is classified as
an innate immune gene, and its up-regulation is strongly associated
with the progression of different types of cancers. Correspondingly,
it has been used as a prognostic marker for conditions like
oropharyngeal cancer (48), chronic myeloid leukemia (49), and
HCC (50), among others. Furthermore, in HCC, PSMD1 is found to
be significantly correlated with changes in the TIME as well as
immune cells (50). In addition, RAET1E, belonging to the RAET1
gene family, is classified as a major histocompatibility complex class
I-related molecule (51). Earlier studies have shown that elevated
levels of RAETIE expression may be linked to poor prognosis in
both cervical cancer (52) and ovarian cancer (53). Conversely,
TXLNA, also referred to as IL-14, is identified as a high-
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molecular-weight B cell growth factor, and its ectopic expression
has often been linked to dismal prognostic outcomes in glioma (54).
Earlier research indicates an association between TXLNA
expression and the proliferative activity and low differentiation of
HCC cells (55). This suggests a poor prognosis, thus leading to its
use as a marker for assessing the malignancy of HCC (55). To
summarize, these six IRGs that constitute our model are all related
to the formation and progression of tumors to a certain degree.
Thus, additional studies are necessary to explore these connections
in more detail.

Throughout the progression of cancer, tumor cells undergo a
gradual loss of their original differentiation phenotype and acquire
certain stem-like characteristics. This transformation enables tumor
cells to have stronger abilities for proliferation and migration, thus
facilitating the progression of cancer (24, 56, 57). In this context,
Malta et al. (24) discovered a correlation between the RNAss and
the prognosis of TCGA-LIHC. Accordingly, a higher stemness score
indicated a worse prognosis in terms of OS and PFS in patients with
TCGA-LIHC. Our study yielded similar findings, indicating that as
the patient prognosis worsened, both the SVMRS and the RNAss
increased. Furthermore, they also highlighted a notable association
between the RNAss and TIME (24). Therefore, we conducted an
examination of the disparity in the ratio of immune cell infiltration
between the HRG and LRG. Our findings indicate notable
distinctions between the groups in five distinct immune cell types,
namely CD4 memory T cells, monocytes, macrophages M0, mast
cells, and neutrophils. Among them, CD4 memory T cells have been
reported to have the ability to recognize and attack tumor cells,
thereby aiding in the regulation of tumor growth and metastatic
potential (58). The findings of our study show that the HRG had a
greater percentage of activated T cell CD4 memory. This suggests
that the HRG may be more susceptible to immunotherapy, which
was confirmed during subsequent analysis. Monocytes exhibit dual
roles in tumor immunity. On the one hand, monocytes have the
ability to influence the TIME through different mechanisms, induce
immune tolerance and angiogenesis, and increase the proliferation
of tumor cells; on the other hand, monocytes can also produce
antitumor effectors and activate antigen-presenting cells (59, 60).
Moreover, monocytes also have the ability to differentiate into
macrophages; these M0 macrophages, in their initial state, are
also referred to as naive macrophages (61). Exosomes released by
lung tumor cells have been documented to expedite the macrophage
transformation of the MO phenotype into the M2 phenotype,
thereby promoting carcinogenic activities (62). Earlier studies
have shown that patients with HCC with a high level of
infiltration of macrophage MO cells tend to have a negative
prognosis (63). Furthermore, genes associated with macrophage
MO cells may offer insights into potential clinical treatment
approaches for patients with HCC (63). The results of our study
also revealed that the HRG, characterized by a poor prognosis,
exhibited elevated levels of macrophage MO infiltration. In addition,
mast cells can facilitate the onset and progression of HCC by
increasing the population of immunosuppressive cells, resulting in
a poor prognosis (64). In our study, we found that the HRG had a
lower proportion of mast cells in a resting state. Additionally,
although not statistically significant, a higher proportion of mast
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cells in the HRG were in an activated state, indicating that patients
in the HRG may have a poorer outcome. Additionally, the
involvement of tumor-infiltrating neutrophils has been identified
as a key factor in the malignant phenotypes of HCC. On the one
hand, tumor-infiltrating neutrophils express a protein called PD1
ligand PDLI, which hinders the function of CD4+ and CD8+T cells
by binding to PD1, and this interaction promotes the evasion of the
immune system by the tumor (65-67). On the other hand,
neutrophils release substances called CCL2 and CCL17, which
attract immunosuppressive macrophages and Treg cells (65-67).
Furthermore, the presence of both peritumoral and intratumoral
neutrophils in patients with HCC has been linked to a negative
prognosis. This observation implies that neutrophils may offer
promising avenues for targeted therapeutic strategies (67). In our
study, the HRG, which had a worse prognosis, demonstrated a
greater proportion of neutrophils, aligning with the previous
findings. Thus, the findings of our study are corroborated by
numerous prior studies, indicating the rationality of the HRG and
LRG employed in our study.

At present, the use of immunotherapy for HCC is in its initial
stage, and there is a lack of definitive biomarkers to predict its
effectiveness. However, the implementation of immunotherapy has
shown promising advancements in the treatment outlook for
advanced HCC (68-70). Hence, identifying biomarkers capable of
precisely predicting immunotherapy effectiveness is expected to
emerge as a prominent avenue in the treatment of HCC. Indicators,
such as immune cell infiltration, PD-1/PD-L1, and tumor
mutational burden/microsatellite instability in the TIME, are
considered to hold considerable potential in predicting
therapeutic efficacy (68-70). Our study revealed a notable
increase in the PD-1/PD-L1 expression in the HRG and
highlighted a positive correlation with the SVMRS. The analysis
of immune cell infiltration results also indicates that the HRG may
exhibit greater responsiveness to immunotherapy. Thus, we
confirmed this conjecture through the analysis of patients in the
three cohorts undergoing immunotherapy. Consequently, the
model employed in this study was found to exhibit promising
potential in predicting immunotherapy effectiveness. Further
functional enrichment analysis revealed that the HRG exhibited
activation of pathways associated with tumorigenesis and immune
processes. This activation may contribute to the improved efficacy
of immunotherapy, suggesting an internal mechanism. Among
them, TLR is a pattern recognition receptor found in many
different cells, which plays a crucial role in the innate immune
response. Correspondingly, TLRs on tumor cells can enhance the
stemness, proliferation, and metastasis of tumor cells, and resist
cytotoxic lymphocyte attack (71). In HCC, the signal transduction
pathway of TLRs is frequently associated with the progression (72).
TLR3 and TLR4, among these receptors, hold potential as candidate
prognostic indicators for treating HCC (72). Moreover, the TLR4
signaling pathway activation has been noted to foster the growth,
mobility, and invasive capabilities of HCC cells, hinder
programmed cell death, and accelerate resistance to tumor drugs
(73). This suggests that targeting the TLR4 pathway could be a
promising approach for immunotherapy in HCC. Moreover, TLR
serves as a crucial link connecting the innate and acquired immune
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systems, playing a significant role in the body’s immune response
(74). In the context of immunotherapy, the TLR signaling pathway
participates in the regulation of PD-1/PD-L1 and PD-L2 expression
(75). Furthermore, TLR9 agonists have also undergone extensive
research for their potential use in tumor treatment, either as
standalone therapies or in combination with other agents (76). In
this context, the potential clinical application prospects of targeting
TLR alone or in combination with other drugs have been
demonstrated (77, 78). In our study, both the SVMRS and the 6
key genes of the model were significantly correlated with the
majority of the key genes in the TLR signaling pathway.
Additionally, pathway analysis revealed that the pathway was
activated in the HRG. Thus, the activation of the TLR signaling
pathway may contribute to a negative prognosis and enhance
immunotherapy effectiveness in individuals at high risk.
Consequently, targeting this pathway may serve as a promising
therapeutic approach for this specific patient population.

Our study presents a novel approach for predicting OS and
immunotherapy effectiveness for HCC using six IRG. However, there
are still certain constraints that need to be acknowledged. First, the
study relies on information obtained from a publicly available dataset.
While we did utilize our own cohort to validate the findings,
additional experimental evidence is required to definitively confirm
the proposed hypothesis. However, our study revealed, via functional
enrichment analysis, that the six IRGs play a role in regulating various
pathways associated with tumor formation and progression. This
finding is likely to provide valuable insights for future research and
facilitate further investigation into the underlying molecular
mechanisms. Secondly, the presence of diverse detection platforms
and training methods in the datasets leads to variations in sequencing
backgrounds and normalization techniques. Consequently, it
becomes challenging to determine a universally applicable cut-off
value for SVMRS across all datasets. Hence, it is necessary to initially
acquire the threshold value of SVMRS through small sample
detection prior to its application, and subsequently refine the
threshold value through extensive clinical prospective studies. In
order to determine immunotherapy effectiveness, it is necessary to
conduct extensive prospective clinical trials to validate the use of high
SVMRS as a predictive factor. Thirdly, it should be noted that the
cohort of 54 patients under study did not undergo immunotherapy,
thereby rendering the prediction analysis of immunotherapy
response unfeasible. Meanwhile, the three cohorts used to validate
immunotherapy effectiveness were all composed of patients with
cancers other than HCC. Thus, further validation is required to
determine if the predictive value of our model for immunotherapy
efficacy in HCC cohorts is consistent.

Conclusions

To conclude, the current study successfully resulted in the
development of a prediction model for HCC using bioinformatics
analysis and machine learning. This model, based on a 6-IRG
signature, has the potential to accurately predict immunotherapy
response. The risk score and risk groups of our model exhibited
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substantial variations in tumor stemness, tumor immune cell
infiltration levels, ICG expression, and immunotherapy
effectiveness. The key genes in our model likely participate in the
regulation of various pathways associated with tumorigenesis and
immune processes. Thus, our study introduces a novel approach for
predicting the prognosis of HCC and evaluating immunotherapy
effectiveness, providing promising prospects for clinical application.
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Bladder cancer (BC) is the second most common type of cancer of the urinary
system. Approximately 75% of the cases are non-muscle invasive bladder cancer
(NMIBC), which has a high recurrence and progression rate. Current diagnosis
and surveillance methods present challenges, including risks to the patients. For
this reason, urinary biomarkers have been proposed as alternatives to the
methods. The goal of this mini-review is to describe urinary mRNA-based
biomarkers available in current literature for NMIBC tumors, using the PubMed
database. The search included the following keywords: “biomarkers” AND
"bladder cancer” AND “urine” and "RNA" and “non-muscle”. The search yielded
11 original researchers utilizing mRNA-based urinary biomarkers. Although there
is a wide variety of biomarkers described, the cohorts of the studies were not
exclusively NMIBC, which is the subtype of BC that would mostly benefit from the
introduction of a good follow-up biomarker, highlighting the need for
randomized interventional trials for NMIBC.

KEYWORDS

non-muscle invasive bladder cancer (NMIBC), urinary biomarkers, mRNA-based,
muscle-invasive bladder cancer (MIBC), surveillance, aggressiveness

Introduction

Bladder cancer (BC) is the second most common type of cancer of the urinary system and
the thirteenth most common cause of cancer death worldwide (https://gco.iarc.fr/). Although
there are several risk factors for BC, 82% of all cases are due to modifiable risk factors
(lifestyle and occupational exposure). Tobacco is the most recognized risk factor for BC (1).

Over 90% of BC cases are classified as Urothelial Cell Carcinoma (UCC) or Transitional
Cell Carcinoma (TCC), which originates from the urothelium of the bladder. UCC can be
subdivided into non-muscle-invasive (NMIBC), muscle-invasive (MIBC), or metastatic.
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Approximately 75% of all cases present the subtype NMIBC, while
25% have MIBC or metastatic disease. Tumors that remain confined
to the epithelium (urothelium) are defined as NMIBC (Stages Ta,
T1, and Tis), and the tumors that invade the muscle layer of the
bladder, (Stage T2), perivesical fat (Stage T3), or the adjacent organs
(Stage T4) are defined as MIBC (2-4).

Cystoscopy is the gold standard for the diagnosis and
surveillance of BC (5, 6) Patient with non-invasive disease
(NMIBC) present a higher risk of recurrence and progression to
muscle-invasive disease and their follow-up requires a greater
frequency of cystoscopies. Nevertheless, cystoscopy is an invasive
exam for the patient and expensive for public health systems. In
addition, it may generate infection, pain, and, in some cases,
hematuria (4, 7). Urinary cytology can be useful as a noninvasive,
inexpensive, and highly specific tool to complement cystoscopy.
Cytology has a moderate sensitivity to detect high-grade lesions, but
its sensitivity is low, around 20 to 50% for low-grade papillary
tumors (8). As a result, most patients with a cytologic diagnosis of a
low-grade urothelial neoplasm prove not to have a tumor. The false-
positive rates of urine cytology range from 1.3% to 15%, and false
positives occur in patients with bladder stones, human
polyomavirus infections, and prior chemotherapy (9).

For this reason, non-invasive, ancillary tools that allow a longer
interval between cystoscopies are needed to reduce risks to the
patients and costs to the healthcare systems, especially in the case of
NMIBC tumors. Based on this rationale, urinary biomarkers for
detection and surveillance have been proposed for decades as
alternatives to cystoscopy. The urine is a perfect candidate as a
biological sample, not only because it is obtained in a non-invasive
way, but also because of its continuous contact with the bladder
tumoral tissue, which enables it to provide useful transcriptomic,
epigenetic, and genomic insights that may be related to BC (10) In
this mini-review, we will focus on describing of urinary mRNA-
based biomarkers to identify potential biomarkers to identify
aggressiveness in NMIBC.

Urinary biomarkers

Studies have proposed urinary biomarkers for the detection and
surveillance of bladder cancer including urine cytology, protein-
based, cell-based, genomic, and transcriptomic approaches. Cell
and protein-based biomarkers have been approved by the Food and
Drug Administration (FDA), such as Cytology, uCyt+, and
UroVysion (exfoliated cells in urine sample) and NMP22 enzyme
and Bladder Tumor Antigen - BTA - (protein in urine sample)
(11). Although they show increased sensitivity for low-grade
tumors, their specificity still doesn’t surpass cytology. Currently,
the recommendation in the European Association of Urology
(EAU) guidelines continues to be cytology, in association
with cystoscopy.

Despite substantial efforts, there is still a need for randomized
interventional trials that are multicentric and prospective. The
currently available literature is still discrepant, with small cohorts,
usually performed in only one center, with analytics divergences,
with the result that the biomarkers that have been identified to date
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do not present superior accuracy to the gold standard. Because of
these limitations, these biomarkers have not been incorporated into
current clinical practice (12).

Numerous reports have proposed proteins, DNA or RNA
biomarkers for diagnosis of BC in urine. Until the year 2000,
protein biomarkers were dominant in the literature, but more
recently the proportion of DNA and RNA studies has increased
(13). Protein-based biomarkers are susceptible to conditions in
which the presence of protein is increased in the urine, such as
inflammation, hematuria, and kidney stones. DNA-based
biomarkers assess genetic alterations (point mutations, copy
number alterations, and epigenetic changes including DNA
methylation). The stability of the DNA molecules is an advantage
over messenger RNA since the collection and transportation of
samples would be simpler for DNA, but mRNA has great potential,
so it has been recently described in an increasing number of studies.
Compared with protein biomarkers, RNA biomarkers can be
detected with greater sensitivity and specificity, and in general
primers and probes are cheaper than antibodies, which are used
to detect proteins. There are several possible RNA biomarkers, both
coding and non-coding RNAs, including microRNAs, long non-
coding RNAs, and circRNAs, which have been studied as potential
biomarkers in bladder cancer in the past few years (11).

Studies using extracellular vesicles still present many challenges
in clinical practice due to the lack of standardization in the
methodologies for isolation and analysis and the lack of
multicentric validations, despite all the efforts from the scientific
community to standardize methods and results in this area (14).

mRNAs have advantages over protein and DNA biomarkers
that compensate its instability that requires special conditions of
collection and transportation since the methods to detect mRNA
biomarkers have lower costs when compared to protein biomarkers
and provide dynamic insights into cellular states and regulatory
processes compared to DNA biomarkers (15). This review describes
the utility and accuracy of messenger RNAs as biomarkers to
monitor NMIBC by evaluating differentially expressed transcripts
present in cell-free urine or urine cells (Supplementary Figure 1).

Potential mRNA-based urinary
biomarkers for NMIBC

5-mRNA (ABL1, ANXA10, UPK1B, CRH,
and IGF2)

Pichler and colleagues (2018) (16) analyzed the 5-mRNA
(ABL1, ANXA10, UPKIB, CRH, and IGF2) model proposed by
Wallace and colleagues (2018) (17), now named Xpert BC Monitor
and showed that it presents sensitivity superior to cytology, even in
NMIBC low-grade and pTa disease, while overall specificity is
similar. Xpert BC Monitor successfully discriminated between
tumor stages, grades, size, and number of tumors, and previous
intravesical instillations didn’t increase the rate of false positivity. In
addition, combining this test with barbotage cytology (bladder
washing) did not enhance diagnostic accuracy compared with the
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test alone (AUC=0.85 vs. AUC=0.87). In contrast, a prospective
study with 230 patients with NMIBC tumors showed that overall
sensitivity for Xpert BC Monitor was higher than for cytology and
when combined, Xpert BC Monitor and cytology, it was superior to
cytology alone. However, the overall specificity for cytology is
better (18).

Another report showed that Xpert had an overall high
diagnostic capability to detect residual tumors in repeat biopsy
after initial complete Transurethral Resection of Bladder Tumor
(TURBT) of T1BC (Stage T1 of BC) in NMIBC patients, with a
sensitivity of 86% and negative predictive value (NPV) of 89%. The
results of the Xpert test were independently associated with early
tumor recurrence, suggesting that Xpert can detect genetic
abnormalities before macroscopic existence by checking
cystoscopy (19). The approach could help reduce invasiveness in
follow-up of these patients due to the partially reduced need for
cystoscopy and, consequently, could improve adherence. In
concordance, other studies have described that Xpert could also
be a promising tool in follow-up of recurrent NMIBC patients and
could function as a predictive tool to determine the presence of
residual tumors after primary TURBT. The Xpert Monitor
presented higher sensitivity and an improved NPV when
compared with UroVysion and cytology in patients under follow-
up for BC. The specificity was minimally improved compared with
UroVysion and was lower compared with cytology. Xpert was more
sensitive for both high-grade and low-grade BC. The high NPV for
high-grade disease is particularly important for NMIBC
monitoring, as high NPV gives high confidence that the test is
truly negative, allowing to reliably exclude recurrent disease. This
reliability would allow waiving one cystoscopy if the Xpert result is
negative, as the currently advised follow-up schedule for low-risk
NMIBC consists of cystoscopy at three and twelve months after
TURBT. Additionally, Xpert showed robust reproducibility and
good specificity in non-BC patients (18).

Briefly, the biomarkers found in the Xpert BC Monitor test are
mRNAs translated into proteins that are related to cell pathways
such as cell division, adhesion, differentiation, and response to stress
(ABL1I), cell growth and signal transduction (ANXAI0), epigenetic
dysregulation in BC (UPKIB), neuroendocrine stress response,
immunity, and inflammation (CRH), and proliferation and
survival (IGF2) (16).

ABL proto-oncogene 1, non-receptor tyrosine kinase (ABLI)
encodes a protein tyrosine kinase involved in a variety of cellular
processes. The BCR region of ABL1 presents retrotransposon
repeats that have been associated with bladder cancer (20).
Annexin A10 (ANXA10) encodes a member of the annexin family
of calcium-dependent phospholipid-binding proteins. This protein
was found to play a role in the regulation of cellular growth and
signal transduction pathways in BC. UPKIB encodes a uroplakin.
Four different uroplakin proteins are known at present. These
proteins heterodimerize and form urothelial plaques on the
surface of urothelial cells. Uroplakins are significantly
downregulated during urothelial transformation and
tumorigenesis. In BC, UPKIB gene transcription is regulated
epigenetically via CpG methylation. The corticotropin-releasing
hormone (CRH) system was initially identified as a
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hypothalamus-directed mediator of neuroendocrine stress
response, while recent studies suggest a link between CRH and
the development of solid cancers. Preclinical studies showed the
proinflammatory and procarcinogen nature of CRH family peptides
and their receptors, and the fact that they modulate immunity,
inflammation, and tumor cell growth. The last gene in this panel,
Insulin-like growth factor 2 (IGF2) is a mitogenic peptide hormone
overexpressed in aggressive tumors and during embryonic
development. The binding of IGF2 to its receptor, IGFIR, initiates
breast and lung tumorigenesis and promotes the progression of
endometrial and gastric cancers. Overexpression of IGF2 is at least
partly caused by loss of imprinting in prostate, and colon cancers,
but its deregulation may also be attributable to an abnormal
expression of transcription factors. Thus IGF2/IGFIR signaling
enhances tumor progression in several cancers (21), but its
contribution to BC progression is still unclear despite its good
performance as one of the biomarkers of the XPert BC Monitor test.

According to these authors, the limitation of the use of mRNA-
based techniques is the difficulty of obtaining enough high-quality
RNA from voided urine. In the Xpert test, the ABLI mRNA
functions as a sample adequacy control to verify that the sample
contains human cells and human RNA. Moreover, there are some
discrepancies between the studies utilizing Xpert: 1) variability in
sensibility (85.9%, 84%, and 46%), 2) variability in specificity
(72.3%, 91%, and 77%), and 3) lack of validation (Table 1).
Although promising results, the test accuracy was discrepant
between the studies, and research on long-term follow-up is needed.

Potential mRNA-based urinary
biomarkers for NMIBC and MIBC

Cxbladder Monitor Test (CDC2, HOXA13,
MDK, CXCR2, and IGFBP5)

O’Sullivan and colleagues (2012) (26) developed 2 classifiers for
risk stratification of urothelial cancer from their mRNA assay data
(29). The classifier Cxbladder-D included the fifth marker,
neutrophil marker (CXCR2), to reduce the risk of false-positive
results in the inflamed urothelium. The second classifier,
Cxbladder-S, was able to stratify tumors into low-risk - low-grade
stage Ta, with a sensitivity of 91% and a specificity of 90%,
respectively. In addition, the same group showed that the
quantitative measurement of these five gene expression markers
presented high sensitivity and negative predictive value to rule out
recurrent urothelial carcinoma during surveillance (23).

Furthermore, the CxBladder Monitor showed superior
performance compared with currently available, FDA-approved
urine tests used as adjuncts to cystoscopy. Subgroup analyses
demonstrated superior sensitivity and NPV for Cxbladder
Monitor regardless of patient age and sex, or recurrent tumor
size, stage, or grade by comparison with NPM22 Elisa, NPM22
Bladder Check and cytology. CxBladder Monitor had a superior
sensitivity compared to NMP22 enzyme-linked immunosorbent
assay, NMP22 BladderChek, and UroVysion fluorescence and
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urine cytology, in patients Ta, Tis, and 2T1 undergoing monitoring
for recurrence. The clinical utility of Cxbladder Monitor was
demonstrated as a confirmatory negative test that may be used as
an adjunctive to cystoscopy, improving the monitoring for
recurrent UC, or as a direct rule-out test for patients identified as
being at low risk for recurrent disease (24). Thus, CxBladder may be
useful as an adjunct tool to cystoscopy to risk stratify and monitor
recurrence in patients with urothelial cancer. Moreover, a study
from Li and collaborators showed that the use of CxMonitor (CxM)
as a home urine test allowed patients to skip their scheduled
surveillance cystoscopy in the presence of a CxM-negative test.
The authors report that 66 CxM-negative patients skipped
cystoscopy, and none had findings on follow-up cystoscopy that
required biopsies (30).

The biomarkers of the CxBladder Monitor are distinct from
those in the XPert BC test. In summary, the biomarkers found in the
Cxbladder Monitor Test are mRNAs that are translated into
proteins related to cell pathways such as cell cycle (CDC2), gene
expression regulation, morphogenesis, and differentiation
(HOXA13), migration, growth, and angiogenesis (MDK), and
cellular response, regulation of smooth muscle cell migration and
proliferation (IGFBP5) (https://www.ncbi.nlm.nih.gov/home/
genes/). CDC2 (CDK1) CDKI1 phosphorylates TFCP2LI1, a
pluripotency-associated transcription factor, and the CDKI-
TFCP2L1 pathway is activated in BC cells, stimulating their
proliferation, self-renewal, and invasion. In patients with BC, high
co-expression of TFCP2LI1 and CDKI was associated with
unfavorable clinical characteristics including tumor grade and
distant metastasis (31). HOXAI13 gene is higher in low-grade
tumors compared to high-grade BC tumor samples, which
suggests its potential as a diagnostic marker in NMIBC. The
expression level of HOXAI3 has also been reported to be higher
in NMIBC urine samples than in normal controls. HOXA13 gene
expression has been tested as a diagnostic marker for NMIBC along
with PLKI and FGFR3 by Valizadeh and colleagues, who describe
HOXA13 with a greater sensitivity compared to PLKI and FGFR3
(32). Midkine (MDK) is a heparin-binding growth factor that is
overexpressed in bladder tumor tissue and urine from BC patients
when compared to healthy individuals. It has been shown that
microscopic hematuria and infection were not obstacles to detecting
BC by MDK mRNA test (PMID: (33). IGFBP5 prolongs insulin-like
growth factors (IGFs) half-life and restricts their function, affecting
the IGF signaling pathway, which plays a role in cellular growth,
differentiation, and apoptosis. IGFBP5 overexpression strongly
correlates with several adverse prognostic factors in BC (34).

3-marker urinary panel (ROBO1, CRH,
and IGF2)

A 3-marker urinary mRNA panel was proposed by Shkolyar
and colleagues (2021) (26) to identify intermediate and high-risk
BC patients undergoing surveillance. The ROBOI, CRH, and IGF2
gene expression levels were associated with increased risk with a
sensitivity of 92.5% and specificity of 73.5%. This panel consists of
two genes that were already included in Xpert BC (CRH and IGF2),
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while ROBOI was included for the first time in a panel of
biomarkers of BC. Robol protein (ROBO1) is overexpressed in
human bladder cancer tissues and paracarcinoma tissues (35).
Despite this being a promising panel, the study included a small
cohort in a single center, therefore further validation is needed.

x8-gene expression classifier (ANXA10,
LCNZ2, KRT20, SLC1A6, RPS21, IGF2,
MAGEAS3, and KIFC3)

This panel was developed in serial steps, from the discovery to
the validation phases, performed by the same group and in a
multicentric international cohort. Logistic regression analysis was
used to generate an 8-gene expression classifier (ANXA10, IGF2,
KIFC3, KRT20, LCN2, MAGEA3, RPS21, and SLCIA6) that showed
an area under the curve (AUC) of 0.893 for detecting BC. The 8-
gene classifier was also tested in an independent multicentric,
international cohort composed of patients in follow-up for BC.
The 8-gene classifier performed equally in all BC risk groups, with
high and comparable overall sensibility in low-grade and high-
grade tumors. The authors reported that their 8-gene expression
classifier outperforms the current gold standard (cystoscopy) as well
as the previously developed gene expression tests in terms of
sensitivity and negative predictive value. It was reported that by
using the classifier, around 17% of BC patients under follow-up in
their validation cohort could safely skip cystoscopy, while the
remaining patients should undergo cystoscopy. The 8-gene
classifier is described as safe to guarantee the detection of
potential life-threatening tumors in cases of high-risk NMIBC,
due to its high sensitivity and NPV (27). MAGEA3 is a cancer-
testis antigen that has been reported to be overexpressed in 15% of
the patients with BC by immunohistochemistry. Kaplan-Meier
analysis revealed significantly worse 5-year progression-free
survival associated with a strong expression of MAGEA3 (36)
LCN2/MMP-9 pathway has been associated with an aggressive
phenotype of bladder cancer and the elevated NPV of this protein
complex makes them candidate markers of exclusion test for
bladder cancer (37). Up-regulated expression of KIFC3 has been
described in many types of cancer and is associated with Epithelial-
Mesenchymal-Transition and other important events in tumor
development and progression (38) KRT20 (cytokeratin 20) gene
was selected as a surrogate marker (along with 3 uroplakin genes)
for luminal MIBC subtype by Olkhov-Mitsel and colleagues in the
analysis performed with tumoral tissue (39). To our knowledge,
RPS21 was not previously reported in BC, except from the 8-gene
classifier described by Montalbo and colleagues.

X-linked inhibitor of apoptosis (XIAP)

The X-linked inhibitor of apoptosis (XIAP) is an IAP protein
family member that acts as an inhibitor of the caspase/apoptosis
pathway. Urinary XIAP gene expression was investigated as a
biomarker in BC by Srivastava and colleagues (2014) (28). These
authors demonstrated a better sensitivity for XIAP gene expression
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in primary NMIBC cases when compared with voided urine
cytology. However, the same study showed that XIAP had lower
sensitivity than the cytology for recurrent cases. XIAP was more
sensitive than cytology for the diagnosis of BC patients with early
stage. Similarly, a better sensitivity of XIAP was detected for both
higher- and lower-grade TCC cases as compared to cytology.
Expression significantly correlated with tumor grade in this study,
but the authors discuss the lack of previous evidence (28).

Discussion

The mRNA urinary panels of BC markers described here have
exclusive and shared markers. Among the shared markers, we highlight
the presence of IGF2 in the Xpert, in the 3-marker urinary panel
(Panel_3), and the x8-gene expression classifier (Panel 8), The CRH
gene is part of the Xpert and 3-marker urinary panel. Similarly, the
ANXAIO0 gene is part of two panels, the Xpert and x8-gene expression
classifier. The other genes are mutually exclusive between panels
(Figure 1). Although the 3-marker urinary panel and x8-gene
expression classifier had mixed cohorts (MIBC and NMIBC tumors),
they contain markers that were present in the previously mentioned
Xpert test, although two of the genes found in the Xpert Test are
exclusive (ABLI and UPK1B). While CRH is shared with the 3-marker
urinary panel, ANXAI0 is shared with the 8-gene expression classifier,
and IGF2 is shared with the two panels (Figure 1).

Intersection Size

B  xAP

I ranel 3
I Xpert

I Cbladder
I Panel 8

8 6 4 0
Urinary biomarkers (mRNA)

FIGURE 1

10.3389/fonc.2024.1441883

The high rate of recurrence in NMIBC requires follow-up with
cystoscopies every three months for two years, and subsequently in
more spaced intervals. Moreover, cystoscopy is an invasive
procedure, associated with some risks, while urine cytology is
inexpensive but has a limited performance for low-grade tumors.
These are the main reasons that justify the search for more efficient
and less invasive biomarkers for the surveillance of NMIBC. The
ideal biological sample would be urine, given its non-invasive
nature. Despite several efforts and studies seeking an ideal panel
of urinary biomarkers, there is no consensus.

As previously discussed, only three studies included cohorts
exclusively of NMIBC, which makes a more comprehensive review
difficult. However, we described biomarkers available in the current
literature for both types of BC, reinforcing the need for validation
and new studies for patients with NMIBC tumors. Urine is the
biological sample that is the most reliable and non-invasive source
of biomarkers in bladder cancer, as well as in other urological
malignancies since the tumor mass is in close and direct contact
with urine. This makes urine a liquid biopsy sample but also a
source of exfoliated cancer cells. NMIBC has a high risk of
recurrence and progression to muscle-invasive disease, requiring
follow-up with repeated cystoscopies, which are invasive and
expensive. This is the main reason for the extensive research to
find new biomarkers and improve those that are already described.
Good biomarkers to evaluate the diagnosis and progression of
bladder cancer would facilitate follow-up and increase the quality

Visualization of the intersection between the markers (MRNA) of the tests described using the UpSetR package in R.
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of life of BC patients. There are a lot of unexplored possibilities to be
studied for the discovery and validation in this field, so this mini-
review describes the existing panels of mRNAs that act as
biomarkers in bladder cancer, with a special focus on NMIBC.
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Chronic myeloid leukemia (CML) is a clonal myeloproliferative neoplasm in which
all the patients has the translocation (9,22) that generates de BCR::ABL1 tyrosine
kinase. Despite this disease possessing a good biomarker (BCR::ABL1 transcripts
level) for diagnosis and prognosis, many studies has been performed to
investigate other molecules, such as the long noncoding RNAs (IncRNAs) and
MRNAs, as potential biomarkers with the aim of predicting a change in BCR::ABL1
levels and as an associated biomarker. A RNAseq was performed comparing 6
CML patients with high BCR::ABL1 expression with 6 healthy control individuals,
comprising the investigation cohort to investigate these molecules. To validate
the results obtained by RNAseq, samples of 87 CML patients and 42 healthy
controls were used in the validation cohort by RT-gPCR assays. The results
showed lower expression of HOTAIR and PTGS2 in CML patients. The HOTAIR
expression is inversely associated with BCR::ABL1 expression in imatinib-treated
CML patients, and to PTGS2 showing that CML patients with high BCR::ABL1
expression showed reduced PTGS2 expression.

KEYWORDS

CML, biomarkers, IncRNAs, HOTAIR, PTGS2, RNAseq

Introduction

Chronic myeloid leukemia (CML) is a clonal myeloproliferative neoplasm of the
hematopoietic system, characterized by the presence of the Philadelphia chromosome (Ph),
a fusion chromosome t (9,22) (q34;q11) resulting from the reciprocal translocation between
chromosomes 9 and 22. This translocation generates a chimeric gene between the BCR
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(breakpoint cluster region protein) and ABLI (Abelson murine
leukemia viral oncogene homolog 1) genes. This genetic
translocation produces a constitutively active tyrosine-kinase,
leading to the general imbalance found in CML (1). Notably,
CML patients are treated with tyrosine-kinase inhibitors (TKIs),
especially with the first-generation TKI imatinib, which shows great
efficiency and safety (2). However, about one-third of CML
imatinib-treated patients switch to second or third-generation
TKIs (dasatinib, nilotinib, ponatinib) due to resistance or
toxicity (3).

Long noncoding RNAs (IncRNAs) are noncoding transcripts
longer than 200 nucleotides that play crucial regulatory roles in
gene expression, translation, genome organization, and cell structure,
both in physiological and pathological contexts (4-7). These
molecules typically exhibit restricted expression patterns and are
often highly cell-specific, except for MALAT1 and NEAT1 (8-10).
While many IncRNAs are found in the nucleus, a significant fraction
is located in the cytoplasm (11). Nuclear IncRNAs are more abundant
but less stable than their cytoplasmic counterparts, and their nuclear
instability reflects a fine-tuning regulation of transcriptional
programs. In the cytoplasm, IncRNAs mostly sequester miRNAs to
regulate their activity and levels, which in turn signaling pathways by
regulating miRNA target proteins and mRNAs (12).

Physiologically, IncRNAs display dynamic expression during
the differentiation of various cell types, such as muscle, immune,
and neural cells, underscoring their role in cellular differentiation
(10, 13). Due to their important roles, IncRNAs have gained
prominence in scientific and translational research as biomarkers
for diagnosis, prognosis, and treatment response or resistance,
particularly in the oncology field (14-17). The IncRNA HOTAIR
has been described in solid tumors, such as breast cancer (18, 19),
hepatocellular carcinoma (20, 21), glioma (22, 23) and colon cancer
(24, 25), where it plays an oncogenic role related to a worse
prognosis and reduced chance of complete remission. A
functional mechanism of HOTAIR may be represented by its
participation and interaction with epigenetic regulators such as
the PRC2 complex and the Lysine Demethylase 1 (LSD1) in
chromatin remodeling and transcription (26). Furthermore, it was
functional associated as regulator of Wnt/B-catenin signaling
pathway (27), suppressing TGF-f1 and ZEBI1 (28) and sponging
microRNAs such miR-331-3p (29) and miR-126 (30). One of the
first HOTAIR expression role in oncohematology was observed as
regulating cell cycle progression during myeloid maturation in
human promyelocytic leukemia cells (31) and modulating c-KIT
through expression sponging miR-193a in acute myeloid leukemia
(32). More recently, studies also showed this transcript associated
with molecular pathways and process in leukemias (33-35).

The prostaglandin-endoperoxide synthase 2 (PTGS2), also
known as cyclooxygenase-2 (COX-2), is an enzyme encoded by the
PTGS2 gene. It plays a role in the conversion of arachidonic acid into
prostaglandin H,, which is further transformed into five primary
prostaglandins (PGD2, PGE2, PGF2q, PGI2, and TXA2) by cell-
specific synthases (36). This enzyme is associated with inflammatory
diseases, carcinogenesis, angiogenesis, metastasis (37, 38) and
apoptosis resistance (39, 40). Its expression pattern is also linked to
carcinogenesis (41). PTGS2 research in oncohematological diseases
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advanced to a knowledge of its involvement and therapeutical
approach (42-44), highlighting it importance as an active player in
bone marrow and blood cellular context and homeostasis.

This study aimed to evaluate IncRNAs as potential biomarkers
in CML by comparing the transcriptomes of CML patients with
high levels of BCR::ABLI transcripts to those of healthy donors. The
selected transcripts were then validated in a larger cohort of
patients, demonstrating the differential expression of several
transcripts that may be correlated with CML prognosis. The
hypothesis was that mRNA and IncRNA expression in white
blood cells from CML patients with BCR::ABLI positive/negative
expression could represent an BCR::ABLI associated biomarker,
linking for molecular pathways and preliminary data for
further studies.

Methods

Study cohort — This study was conducted after receiving
approval from the Ethics Committee of the Hospital Erasto
Gaertner (CAAE 08809419.0.0000.0098) and Hospital do
Trabalhador (CAAE 77979417.8.3001.5225). Clinical samples
from patients with a confirmed diagnosis of CML and volunteers
without a current or previous history of any kind of cancer were
recruited from Hospital Erasto Gaertner and Hospital do
Trabalhador, in Curitiba, Brazil, from May 2020 to December
2023, following Brazilian guidelines and regulations. The study
was described in detail to all participants, who read, discussed, and
signed an informed consent form before sample collection. For each
patient, 4 mL of peripheral blood was collected in EDTA tubes and
processed within 24 hours. CML patients had blood collected
several times during treatment and clinical follow-up throughout
the project period. The blood was centrifuged to obtain bufty coats
and plasma. Personal and clinical data such as age, gender, date of
diagnosis, and treatment were also accessed from patients’ clinical
records. For RNA sequencing (RNAseq), six samples from CML
patients with BCR::ABLI expression higher than 10% and treated
with imatinib were selected. The control group comprised six
healthy volunteers paired for gender and age. For the validation
cohort, a total of 87 CML clinical samples from patients under
treatment with imatinib were selected and subdivided according to
the BCR::ABL1 expression levels as follows: 30 CML samples with
BCR:ABLI higher than 2% (BCR::ABLI high); 28 CML samples
with BCR::ABLI lower than 2% (BCR::ABLI low), and 29 CML
samples with undetectable BCR::ABLI expression. The control
group included 42 individuals without any current or previous
history of any history of cancer, paired for gender and age.

RNA extraction and cDNA synthesis: Total RNA was extracted
from the buffy coat using QIAmp RNA Blood Mini Kit (QIAGEN,
Hilden, Germany). The extracted RNA was quantified using a
NanoDropTM One spectrophotometer (ThermoFisher, Waltham,
MA, USA). cDNA was synthesized from lug of total RNA using
random primers and SuperScript III (ThermoFisher, Waltham,
MA, USA), following the manufacturer’s instructions. The
resulting cDNA was then diluted (1:2) and used for validation
with RT-qPCR reactions.
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BCR::ABLI quantification: BCR::ABLI expression analysis was
performed following an in-house one-step duplex qPCR
methodology, as previously described by Marin et al. (2023) (45).

Library construction and sequencing (ribosome RNA depletion):
The quantity and purity of the total RNA were assessed using a
Bioanalyzer 2100 with an RNA 6000 Nano LabChip Kit (Agilent, CA,
USA), and only RNAs with RIN number > 7.0 were used.
Approximately 5ug of total RNA was used to deplete ribosomal
RNA according to the Ribo-Zero Gold rRNA Removal Kit (Illumina,
Cat.MRZG12324, San Diego, USA). After removing ribosomal RNAs,
the remaining RNAs were fragmented into short fragments using
divalent cations at high temperatures. The cleaved RNA fragments
were then reverse transcribed using SuperScriptTM II Reverse
Transcriptase (Invitrogen, USA). The cDNA was subsequently used
to synthesize U-labeled second-stranded DNAs with E. coli DNA
polymerase I (NEB, USA), RNase H (NEB, USA), and dUTP Solution
(Thermo Fisher, USA). An A-base was added to the blunt ends of
each strand to prepare them for ligation to the indexed T-base
adapters. Single- or dual-index adapters are ligated to the
fragments, and size selection was performed with AMPureXP
beads. The ligated products were amplified by PCR, resulting in a
final cDNA library with an average insert size of 300 + 50bp. Finally,
2x150bp paired-end sequencing was performed on an Illumina
NovaseqTM 6000, following the vendor’s recommended protocol.

Sequence and filtering of clean reads: A total of million 2 x 150
bp paired-end reads were generated and subsequently filtered using
Cutadapt (version: cutadapt-1.9, https://cutadapt.readthedocs.io/
en/stable/) with using quality controls parameters. The sequence
quality was verified using FastQC, including the Q20, Q30, and GC
content of the clean data.

Mapping with reference genome: The reads from all samples
were aligned to the human reference genome using HISAT2
(version: hisat2-2.0.4, https://dachwankimlab.github.io/hisat2/)
package. HISAT2 allows multiple alignments per read and
permits a maximum of two mismatches when mapping the reads
to the reference. It also builds a database of potential splice
junctions and confirms these by comparing the previously
unmapped reads against the database of putative junctions.

Quantification of gene abundance: The mapped reads of each
sample were assembled using StringTie (version: stringtie-1.3.4d,
http://ccb.jhu.edu/software/stringtie/) with default parameters.
Then, all transcriptomes from all samples were merged to
reconstruct a comprehensive transcriptome using gffcompare
software (version: gffcompare-0.9.8, http://ccb.jhu.edu/software/
stringtie/gffcompare.shtml). Once the final transcriptome was
generated, StringTie and Ballgown (http://www.bioconductor.org/
packages/release/bioc/html/ballgown.html) were used to estimate
the expression levels of all transcripts. The expression abundance
for mRNAs was quantified by calculating the FPKM (fragment per
kilobase of transcript per million mapped reads) value.

Differentially expressed genes (DEGs) analysis: The differential
expression analysis was performed using DESeq2 (R package)
between two different groups, and by edgeR was used for analysis
between two samples. Genes with the parameter of false discovery
rate (FDR) below 0.05 and absolute fold change > 2 were considered
differentially expressed.
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Principal component analysis (PCA): PCA was performed
using the princomp function in R (http://www.r-project.org/).

GO enrichment analysis: Gene Ontology (GO) is an
international standardized gene functional classification system
with three ontologies: molecular function, cellular component,
and biological process. All DEGs were mapped to GO terms in
the Gene Ontology database (http://www.geneontology.org/). The
number of genes associated with each term was calculated, and
significantly enriched GO terms in DEGs, compared to the genome
background, were identified using a hypergeometric test.

Pathway enrichment analysis (KEGG): Genes usually interact
with each other to perform specific biological functions. Pathway-
based analysis helps to further understand the biological functions
of genes. KEGG is a major public pathway-related database used for
this purpose.

Gene set enrichment analysis (GSEA): We performed gene set
enrichment analysis using the GSEA (v4.1.0) software and MSigDB
database to identify whether a set of genes in specific GO terms and
KEGG pathways with significant differences in two groups. Briefly, we
input the gene expression matrix and rank genes by the Signal2Noise
normalization method. Enrichment scores and p-values were
calculated using default parameters. Parameters meeting the
conditions of [NES|>1, NOM p-val<0.05, and FDR g-val<0.25 were
considered significantly different between the two groups.

RT-qPCR: ¢cDNAs were used as templates in RT-qPCR using
TaqManTM specific assays (ThermoFisher Scientific, Inc., MA, USA)
and TaanthTM Pro AmpTM Master Mix (ThermoFisher, Waltham,
MA, USA). B-Actin and GAPDH were selected as housekeeping
genes using TagMan assays with the same amplification protocol.
All reactions were carried out in a QuantStudio' " 5 Flex (Applied
Biosystems, Foster City, CA, USA), with the following thermal
cycling conditions: 50°C for 2 minutes, 95°C for 10 minutes,
followed by 40 cycles of 95°C for 15 seconds and 60°C for 1 minute.

Housekeeping selection: the initial analysis excluded all outlier
samples using the Outlier calculator from GraphPad Prism (alpha
value = 0.05), based on the Ct values of each housekeeping gene
from all 129 clinical samples. Subsequently, the best housekeeping
gene was selected using BestKeeper software (Pfaffl et al., 2004),
using the Ct values for GAPDH and Beta-Actin from samples not
eliminated in the previous step.

Statistical analysis: For gender data chi-square test was used,
while for age was used t-student. For qRT-PCR data the relative
expression was calculated using the 2-AACt method, with one
healthy control (HC) sample defined as the calibrator, and t-
student test was used. All statistical analyses were used as
significant p value > 0,05.

Results
Study cohort description

The cohort description is described in Tables 1, 2, where the
first one shows the characterization of CML patients subjected to

RNASeq, indicating age, gender, BCR:ABL1 percentage, and
clinical data for blood cells count and creatinine.
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The Table 2 shows the characterization of all CML and healthy
controls study cohort. There were no significant differences in age

)
or gender between the groups. The mean BCR::ABLI levels for the :E o
BCR:ABLI high and BCR:ABLI low groups were 82.84% and § B I I E R e
0.145%, respectively. The white blood cells and blast count varies S
especially in high BCR::ABL1I high expression patients, where from
thirty patients eight showed high white blood cells count (ranging
from 39,300 to 471,180/mm?). For BCR:ABLI low and absent % s g2 o o g 2
expression, white blood cells count were in reference range. Just 4 ° ;3 s 8 =R
patients of BCR::ABLI high expression group had blast detection g D A A

with percentage ranging from 3% to 5%.

RNA sequencing

Basophils*

To clarify, HC samples were labeled as Aol, Ao3, Ao4, Ao5,
Ao6, and Ao9, while CML samples were labeled as Aol0, Aol3,

Aol4, Aol5, Aol6 and Aol7. The principal component analysis 5
(PCA) showed that only one CML sample (Ao17) clustered with the _g_ ol ol ol ol ol o
HC samples (Figure 1A). As expected, the Pearson correlation g ':r: ﬁ § = & 8
between samples indicated a higher correlation with the CML =
group and HC group separately, and a lower correlation when z
comparing CML to HC (Figure 1B). .

The RNAseq analysis identified 133 genes with significantly §
different expression between CML and the HC group. Of these, 67 gf 82 8 8 g =
genes were upregulated, and 66 genes were downregulated in CML = Z & d 4 e
compared to healthy subjects (Figures 2A, B). When the analysis ;
was extended to transcripts, 1,621 transcripts showed differential =
expression between CML and HC groups, from with 953 .
upregulated and 668 downregulated in CML compared to HC §
(Figures 2C, D). In a more restricted analysis, 583 IncRNAs were g SI8|8 8|58
differentially expressed, with 224 upregulated and 359 = ST YT
downregulated in CML compared to healthy subjects 2
(Figures 2E, F).

GO enrichment and KEGG pathways analyses for mRNA are N
shown in Figure 3, highlighting an enrichment of protein binding in g lalalalwla
the Molecular Function component (3A) and the JAK-STAT < 2 § ¥ S 3 o
signaling pathway (3B). 6

s}

For GSEA data, it was analyzed compared GO and KEGG
showed 76 and 37 statistical different functions/pathways between
CML and healthy controls, respectively, exemplifying “cytoplasmatic
translation” in GO and “Oxidative Phosphorilation” in KEGG, with
size of 87 and 117, respectively, demonstrated in Figure 4.

Validation by RT-gPCR

50
49
38
63
60
69

A critical analysis of differentially expressed mRNA and
IncRNA in CML samples was performed with the following
criteria: 1) only genes with fold changes higher than 1.2 or lower

than 0.5 were considered; 2) Sample positivity percentage (SPP) was
used to indicate the number of samples with detectable levels of a
given gene/IncRNA within the two groups, CML or HC. A 100%
SPP value indicates a gene/IncRNA expressed in all samples from
that group, while 0.00% refers to undetectable levels of mRNA/
IncRNA in any of the samples in the group. Table 3 describes this

CML Aol0
CML Aol3
CML Aol4
CML Aol5
CML Aol6
CML Aol7

TABLE 1 Demographic and clinical data for 6 CML patients subjected to RNASeq, indicating BCR::ABL1 expression, blood cell count and creatinine quantification.

M, Male; F, Female; *Cells/mm°, “*mg/dl.
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TABLE 2 Study cohort characterization, describing sample number, mean age, and gender for CML and control groups.

Group Samples Mean age + Gender BCR::ABL1 expression = White blood cells per mm3
SD (years) viEla | 2emele range (mean+StDev)
BCR:ABLI high 30 54.03 + 15.53 63.33%  36.67% 82,84%-34,1% 51,726+115,326
BCR:ABLI low 28 50.68 + 12.76 6429%  3571% 1%-0,008% 6,927+2,518
undetectable BCR:ABL1 29 62.36 + 11.82 44.83%  5517% ND 6,454+1,801
Healthy control 42 54.65 + 12.28 40.48%  59.52% ND NA

ND, Not detected; NA, Not available.

critical analysis of the mRNAs and IncRNAs selected from RNAseq
for the validation cohort. Additionally, three IncRNAs (MALAT,
HOTAIR, and Ddx3y) that did not show a statistical difference in
RNAseq results but are correlated with oncohematological diseases
(though not yet described in CML) according to scientific literature
were included.

From the 129 clinical samples, one sample from the BCR::ABLI
low group and four samples from the HC group were removed due
to outlier criteria and/or housekeeping Ct values higher than 32,
indicating poor nucleic acid quality. Following this, housekeeping
gene selection with BestKeeper indicated that GAPDH was the most
stable option; hence, it was used for normalization. For MALAT it
was observed a significant higher expression in BCR::ABLI lower
expression in comparison to healthy controls (Figure 5A), while for
Adgre5, Arghefl and Ssr2 showed no different expression
(Figures 5B-D). However as depicted in Figure 5E, the IncRNA
validation showed that HOTAIR expression was significantly lower
in the CML BCR::ABL1 high and BCR::ABLI low groups compared
to the BCR::ABL1I absent group and HC groups.

Only samples from BCR::ABLI high and HC groups were used
for mRNA validation. Figure 6 shows the significantly lower
expression of PTGS2 (6A), Rhob (6B), and Cd83 (6C) in CML
patients compared to HC subjects.

Following this, a critical analysis of PTGS2 and HOTAIR
expression in BCR::ABLI high-expression patients was performed
by subdividing the samples according to their fold change,

considering a fold change higher than 1.5 and lower than 0.1.
Regarding no finding about HOTAIR expression, an interesting
data was found in PTGS2, where Table 4 lists the 13 patients
included in this subgroup; five presented a higher fold change while
eight showed a lower fold change. Interestingly, all patients with
PTGS?2 fold change 1.5 experienced successful imatinib treatment,
with no need to switch to another class of TKI. Conversely, six
(75%) of the eight patients with a PTGS2 fold change <0.1 had
unsatisfactory results with imatinib and therefore had to switch
their treatment to the second-line TKI, dasatinib. The follow-up for
these cohorts ranged from 1,066 to 532 days, a sufficient period to
demonstrate whether the patient responded to imatinib.

Discussion

CML was the first disease to have a targeted therapy, with the
development of imatinib, a TKI that specifically targets the BCR:
ABLI protein in leukemia cells (1). However, about 10-15% of CML
patients develop resistance to imatinib, which led to the development
of other generations of TKIs, such as dasatinib and Nilotinib,
including clonal evolution, mutations in the BCR:ABLI kinase
domain, and activation of BCR::ABLI independent pathways (46-48).

We describe here a comparative transcriptome analysis of CML
patients and HC subjects, highlighting the lower expression of
HOTAIR and PTGS2 in CML patients, which may be related to
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FIGURE 1

Correlation analyses between CML and HC groups. (Left) PCA analysis demonstrates a separation between CML samples (red dots) and healthy

subjects (blue dots), except for one CML sample (Aol7), which clustered

CML sample correlations in upper right (red box), and HC sample correlations in lower left (blue box), and CML vs HC sample correlations in the box

delimited by black line.
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with the HC samples. (Right) Person correlation between samples, showing
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FIGURE 2

RNAseq general data from CML versus healthy control groups relative to genes, transcripts, and IncRNA. (A) Volcano plot showing differentially
expressed genes in CML vs HCs (HC). (B) Heatmap demonstrating individual expression of the most differentially expressed genes. (C) Volcano plot
showing differentially expressed transcripts in CML vs HC. (D) Heatmap demonstrating individual expression of the most differentially expressed
transcripts in CML vs HC. (E) Volcano plot showing differentially expressed IncRNAs in CML vs HC. (F) Heatmap demonstrating individual expression
of the most differentially expressed IncRNAs in CML versus HC.

disease status and imatinib treatment. Despite the pivotal role of the  top 245 differentially expressed genes, BCR:ABL1" cells clustered
Ph chromosome in CML, some studies have explored the  separately from BCR:ABL1  cells, indicating a specific, consistent
transcriptome of CML patients in search of additional IncRNA  transcriptomic profile across different CML patients (49). BCR-
and mRNA biomarkers. Giustacchini et al. (2017) conducted a ~ ABL" stem cells (SCs) at diagnosis did not cluster according to
single-cell transcriptomic analysis of CML patients and found an  response category, with most BCR::ABL™ SCs from poor-responder
expression signature for normal hematopoietic stem cells (HSCs),  patients contained within the poor-responder cluster of genes. They
BCR:ABL1" and BCR:ABLI, including transcripts previously  also identified a subpopulation of highly quiescent BCR::ABL* SCs,
implicated in CML pathogenesis. When the authors analyzed the  already present at diagnosis and markedly selected during treatment
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FIGURE 3

GO and KEGG enrichment analysis. (A) GO enrichment analysis of differentially expressed genes in CML, showing the number of genes correlated
with biological process, cellular component, and molecular function, highlighting signal transduction, membrane, and protein binding, respectively.
(B) KEGG pathway enrichment analysis of differentially expressed genes in CML, highlighting JAK-STAT signaling pathway and microRNAs in cancer.
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in patients who failed to achieve a deep molecular response (49).
Youn et al. (2021) identified 398 differentially expressed genes (258
upregulated and 140 downregulated) in pediatric CML CD34+ cells
compared to adult ones. Rho pathways were most significantly
downregulated in pediatric CML patients, highlighting VAV2 and
ARHGAP27 (50).
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PTGS2 codes for an enzyme that belongs to a family responsible
for catalyzing the synthesis of prostaglandins from arachidonic acid,
which is a stress-inducible protein typically expressed at low levels
under normal physiological conditions (51). Its biological function
and activation are directly induced by pro-inflammatory cytokines
and growth factors correlated with activated intracellular
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TABLE 3 mRNAs and IncRNAs selected from RNA sequencing for the validation cohort by RT-qPCR.

Transcript

Healthy controls

mRNA

IncRNA

Fold- Regulation in
Name Sample RBIM Sample REI g
P P change RNA Seq
Positivity Mean (SD) Positivity Mean (SD)
% (SPP) % (SPP)
PTGS2 100.00% 24.26 (14.90) 100.00% 104.92 (54.42) 2.1 Down
RHOB 100.00% 29.71 (10.48) 100.00% 70.10 (17.48) -1.24 Down
CD83 100.00% 19.18 (1341) 100.00% 5.57 (1.55) 1.78 Up
RPS4Y1 100.00% 14.37 (10.90) 83.33% 0.13 (0.10) 6.83 Up
ARHGEFI 83.33% 225 (1.39) 0.00% ND NA Up
SSR2 33.33% 3.92 (6.43) 0.00% ND NA Up
ADGRE5 100.00% 5.65 (0.85) 100.00% 16.13 (9.79) 035 Down

SPP, Sample Positivity Percentage.
FPKM, Fragments Per Kilobase Million.

Selected transcripts demonstrating the percentage of samples expressing the transcript, FPKM mean and standard deviation (SD), fold change and regulation in CML patients in correlation with

HC. ND, not detected; NA, not available.

inflammation-related pathways (52). Several reports indicate that
PTGS2 expression levels are directly related to the carcinogenesis
process, particularly due to the inflammatory and, consequently,
immunological context. In innate immunity, natural killer cells are
inhibited from exerting cytotoxic effects, migrating and secreting
interferon y by PGE2, the main enzymatic product of PTGS2
activity (53, 54). Gobel et al. (2014) showed that PTGS2
overexpression can initiate and promote carcinogenesis by
inhibiting the proliferation of B and T lymphocytes, particularly
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FIGURE 5

INcRNA expression validation by RT-gPCR. (A) MALAT, (B) Adgre5, (C) Arghefi, (D) Ssr2 and (E) HOTAIR in BCR::ABL1 high, low, and absent
expression and healthy controls. The results indicate that MALAT was significantly overexpressed in BCR::ABL1 low expression samples compared to
healthy controls, while HOTAIR was down-expressed in both BCR::ABL1 high and low expression samples compared to controls.
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natural killer T cells, thereby acting as an immunosuppressor (55).
PGE2 directly inhibits the proliferation and effector functions of
CD4+ and CD8+ T cells and promotes their differentiation in
regulatory T cells (Tregs), contributing to the immune response
associated with melanoma (56). Several reports have linked the
immune system, cancer, and PTGS2, demonstrating that its
expression induces Tregs, and these cells support cancer-mediated
immune suppression (57). PGE2 is directly involved in the complex
tumor inflammatory microenvironment, inhibiting inflammatory
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FIGURE 6

MRNA expression validation by RT-qPCR. (A) PTGS2, (B) Rhob, and (C) Cd83 in BCR::ABL1 high expression patients and HC subjects.

chemokines CCL3 and CCL4, preventing the accumulation of
activated immune cells. It also reduces IL-10 secretion and shifts
the microenvironment in favor of Th1l immune response (58).
There are only a few reports of PTGS2 in the oncohematological
context, with inconclusive results regarding its role in leukemias. A
recent study on Mexican adults with acute lymphoblastic leukemia
showed that PTGS2 is highly downregulated compared to controls
using transcriptomic microarray analysis (59). In a recent
lymphoma report, Qi et al. (2023) demonstrated a consistent
correlation between PTGS2 upregulation and chromosome 17p
deletions in human B-cell lymphomas, linking arachidonate
metabolism as a new susceptibility factor for lymphoma (60).
Regarding CML, the role of PTGS2 remains unclear primarily due
to a lack of clinical studies. However, Giles et al. (2002) showed
higher PTGS2 protein levels in the bone marrow of 149 chronic-
phase CML patients compared to normal controls, and higher
PTGS2 levels were significantly associated with shorter survival.
Most PTGS2 studies in CML are in vitro, focusing on

TABLE 4 PTGS2 fold change in CML patients.

PTGS2 (relative expression)  TKI Follow-up (days)

1.9643 1 1,066
2.3022 I 1,008
1.6189 I 874
4.2752 I TFR 889
2.6440 I 890
0.0742 I D 763
0.0730 1 D 749
0.0219 I D 637
0.0218 I 742
0.0789 ! D 532
0.0352 ! D 667
0.0938 I 640
0.0745 1 D 532

The patient’s treatment during the follow-up, indicating if the TKI was changed from imatinib
to dasatinib. I, imatinib; D, dasatinib; TFR, treatment-free remission.
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pharmacologically suppressing PTGS2 activity (60). Celecoxib, a
specific PTGS2 inhibitor, has been shown to reduce the growth of
both K562 and primary CML cells and induce apoptosis in a dose-
dependent manner. This effect is accompanied by the
downregulation of cyclin D1, cyclin E, and p-Rb expression, the
upregulation of P16(INK4a) and P27KIP expression, and a G1-S
phase arrest of the cell cycle (61). Another study using PTGS2-
inhibitors showed similar results of reducing growth and inducing
apoptosis in a K562 cell line, including indomethacin (62), DuP-697
(63) and nabumetone (64). Together, these results indicate that the
in vitro pharmacological suppression of PTGS2 may positively affect
CML treatment. However, our study presents a controversial result,
showing that CML patients with high BCR::ABLI expression
showed reduced PTGS2 expression.

The IncRNAs are non-protein coding RNAs enrolled in several
biological processes, including the regulation of gene expression under
both normal physiological and disease conditions (65). Recent results
have shown that the intracellular location of IncRNAs is crucial; those
located in the nucleus can regulate chromatin and transcription, while
the ones in the cytoplasm are involved in mRNA stability and
translation regulation (66). LncRNAs have been implicated in the
initiation and progression of leukemia (67), NEATI (nuclear
paraspeckle assembly transcript 1) is correlated with the poor
progression in CML (68) and with multidrug resistance in pediatric
acute lymphocytic leukemia (69). Other IncRNAs, such as MALAT
(70), GAS5 (71), ANRIL (72), TUG (73) and PANDAR (74) have been
shown to be downregulated in lymphoid and myeloid leukemias,
underscoring their significance in hematological malignancies.

We found that IncRNA HOTAIR expression is inversely
associated with BCR:ABLI expression in imatinib-treated CML
patients, as those with absent BCR::ABL1 showed HOTAIR
expression levels similar to control subjects. Its lower expression
may represent a biomarker associated with BCR::ABLI expression,
even in early disease or in response to TKI treatment. In
oncohematology, HOTAIR high expression correlates with the
poor prognosis in acute myeloid leukemia, suggesting a
relationship with exacerbated proliferation of SCs, a higher
number of blasts, and lower disease-free and overall survival (75)
Information on HOTAIR expression in CML is limited; still, Wang
et al. (2017) showed that HOTAIR was significantly upregulated in
multidrug resistance protein 1 positive patients and in the K562-
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imatinib-resistant cells. Knockdown of HOTAIR in the K562-
imatinib-resistance cells resulted in higher sensitivity to imatinib
treatment and attenuation of the PI3K/Akt pathway, suggesting that
HOTAIR plays a crucial role in acquired resistance to imatinib (76).
Two reports showed HOTAIR expression in bone marrow of
Chinese CML patients, divided into chronic phase, accelerated
phase and blast crisis. Contrary to our finding, both reports
showed a significant higher expression of HOTAIR in CML
patients in comparison to healthy controls, however both also
demonstrated that accelerated phase and blast crisis samples
showed HOTAIR expression significantly higher than chronic
phase (77, 78). It was also demonstrated that HOTAIR had higher
expression in K562 and KCL-22 cells compared to bone marrow
mononuclear cells, accompanied by lower expression of PTEN, and
functional results indicated that HOTAIR downregulation reduces
the proliferation, colony formation, and cell cycle progression while
increasing the apoptosis rate of CML cells (78).

So here we described the transcriptomic profile of BCR::ABL1
Brazilian CML patients and demonstrated differential expression of
mRNA and IncRNA compared to healthy controls subjects. Selected
transcripts were validated by RT-qPCR in a separate cohort,
confirming the downregulation of HOTAIR and PTGS2 in BCR:
ABLI high-expression Brazilian CML patients. Our results suggest a
relationship between imatinib response and downregulation of
PTGS2 and HOTAIR, as CML patients with higher expression of
these transcripts successfully responded to imatinib. Despite the
patient stratification according to BCR:ABLI expression levels, a
weakness of this study is was the use of white blood cells, not
analyze specific cell subsets, such as CD34+ cells, and instead
examined a heterogeneous population of peripheral blood
leukocytes. This results are limited and described to this scenario,
however comprises data that HOTAIR and PTGS2 expression is
not consolidated in CML studies, variating according study design
and intended goals. However, as a strength considering the results
were validated in a larger cohort with extensive clinical data and
long follow-up, supporting the value of our findings. It was
observed that HOTAIR and PTGS2 may represent an important
role in CML progression, as biomarker of TKI efficiency and
resistance, however more studies are required, especially for basic
cellular and molecular contexts. Additionally, our group is
following and generating data on specific cell type and follow-up
recruitments in CML patient, aiming describing more specific and
detailed findings.
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Background: Platelets can dynamically regulate tumor development and
progression. Nevertheless, research on the predictive value and specific roles of
platelets in gastric cancer (GC) is limited. This research aims to establish a predictive
platelets-related gene signature in GC with prognostic and therapeutic implications.

Methods: We downloaded the transcriptome data and clinical materials of GC
patients (n=378) from The Cancer Genome Atlas (TCGA) database. Prognostic
platelets-related genes screened by univariate Cox regression were included in
Least Absolute Shrinkage and Selection Operator (LASSO) analysis to construct a
risk model. Kaplan-Meier curves and receiver operating characteristic curves
(ROCs) were performed in the TCGA cohort and three independent validation
cohorts. A nomogram integrating the risk score and clinicopathological features
was constructed. Functional enrichment and tumor microenvironment (TME)
analyses were performed. Drug sensitivity prediction was conducted through The
Cancer Therapeutics Response Portal (CTRP) database. Finally, the expression of
ten signature genes was validated by quantitative real-time PCR (qQRT-PCR).

Results: A ten-gene (SERPINE1, ANXA5, DGKQ, PTPN6, F5, DGKB, PCDH?7,
GNG11, APOAL, and TF) predictive risk model was finally constructed. Patients
were categorized as high- or low-risk using median risk score as the threshold.
The area under the ROC curve (AUC) values for the 1-, 2-, and 3-year overall
survival (OS) in the training cohort were 0.670, 0.695, and 0.707, respectively.
Survival analysis showed a better OS in low-risk patients in the training and
validation cohorts. The AUCs of the nomogram for predicting 1-, 2-, and 3-year
OS were 0.708, 0.763, and 0.742, respectively. TME analyses revealed a higher M2
macrophage infiltration and an immunosuppressive TME in the high-risk group.
Furthermore, High-risk patients tended to be more sensitive to thalidomide, MK-
0752, and BRD-K17060750.

Conclusion: The novel platelets-related genes signature we identified could be
used for prognosis and treatment prediction in GC.

gastric cancer, platelets, prediction model, prognosis, gene signature, tumor
microenvironment
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1 Introduction

Gastric cancer (GC) is one of the most prevalent cancers of the
digestive tract. In 2020, there were 1.09 million new cases globally,
and 0.77 million deaths due to GC, making it the 5th most common
type of cancer and the 4th leading cause of cancer-related death in
the world (1). GC is mostly diagnosed at advanced stages owing to
its occult onset and atypical early symptoms, which is associated
with a dismal overall prognosis with a 5-year survival rate of 19-
31% in European and American countries and 28% in China (2).
The prognosis of GC patients is not reliably predicted by
conventional prognostic approaches including tumor staging
systems and histopathological diagnosis, partly due to molecular
heterogeneity within similar tumor stages and classifications.
Alternative methods for predicting the prognosis of GC patients
and directing clinical management of GC treatment are still needed
to be investigated.

Beyond their well-established role in pathological thrombosis
and hemostasis, platelets (PLT) are increasingly being recognized
for their important roles in inflammation, tissue repair, tumor
growth, and tumor metastasis (3, 4). Preclinical research has
shown that PLT and tumor cells interact in both direct and
indirect ways, facilitating tumor cell growth and metastasis (5, 6),
immune evasion (7), and chemoresistance (8). Growing clinical
data has demonstrated a strong correlation between increased PLT
count and poor prognosis in cancer patients (9). Cancers with
hematogenous metastases, such as breast cancer, lung cancer,
hepatocellular cancer, and GC, are reported to have greater
prevalence of thrombocytosis (10-13), which implies that elevated
PLT count could be employed to monitor the progress of
certain cancers.

Tumor-educated PLT have been shown to have a role in
maintaining the primary tumor microenvironment (TME). When
PLT get into contact directly with cancer cells, they could be
activated and form microaggregates around tumor cells,
preventing the cells from being recognized by the immune system
(14). Besides, PLT may additionally produce a variety of immune-
modulating molecules in a contact-independent way (15, 16),
helping to maintain the microenvironments of both primary
and metastatic tumors. PLT, along with other non-tumor
cells and extracellular matrix, collectively contribute to the
immunosuppressive TME that promotes tumor cell proliferation,
aids in tumor evasion of immune surveillance, and inhibits anti-
tumor immune responses (3).

With the extensive use of RNA-sequencing technology, protein
profiling and functional tests, comprehensive analysis of tumor-
educated PLT has progressed substantially, making PLT a potential
target for cancer treatment and a promising liquid biopsy marker
for treatment response monitoring and tumor progression.
Nevertheless, research on the specific roles played by PLT in GC
is limited. In recent years, the identification of survival-associated
genes using array-based databases has been utilized for guiding
individualized treatment plans for GC patients (17-19). Therefore,
we collected platelet-related genes (PRGs) and developed a reliable
PLT-related prognostic risk signature in GC via bioinformatics
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analysis. The immunological status and biological function of GC
patients at high and low risk were then examined. Overall, our study
indicate that the PLT-related prognostic risk signature is a reliable
gene signature for the prediction of GC patients’ prognosis and may
strengthen the recognition of GC pathogenesis and the exploration
of novel therapeutic targets for GC patients.

2 Materials and methods
2.1 Data acquisition and processing

The transcriptome data and clinical materials of GC (n=378)
were downloaded from TCGA (https://portal.gdc.cancer.gov/). The
clinical features are detailed in Supplementary Table S1. Moreover,
we selected three independent validation datasets (GSE15459,
GSE62254, GSE84437) from the GEO database (http://
www.ncbi.nlm.nih.gov/geo/) and obtained their normalized
microarray gene expression data and clinical data. We obtained a
list of 300 PRGs from previous literature (Supplementary Data
Sheet 1) (20).

2.2 Identification of prognostic PRGs

After collection and preprocessing the data of GC, the
Univariate Cox regression analysis was performed on the PRGs
collected to identify PRGs with prognostic value (P<0.05).
Genetic mutations of the prognostic PRGs were analyzed on
the cBioportal online tool (https://www.cbioportal.org/) using
the Stomach Adenocarcinoma (TCGA, Firehouse Legacy) dataset.
Moreover, a PPI network diagram of the prognostic PRGs was
constructed with the STRING database (http://string-db.org/) and
graphed with the Cytoscape software (21) (version 3.7.2).
Differential expression analysis for the prognostic PRGs between
tumor and normal tissues was performed using the “limma”
package in R (version 4.2.3) (22).

2.3 Construction and verification of
PLT signature

The least absolute shrinkage and selection operator (LASSO)
regression analysis of the candidate prognostic PRGs was
performed to construct a prognostic gene signature. Then, we
calculated each patient’s risk score. The calculation formula is as
follows:

Risk score = éCoef mRNA(i) x Expression mRNA(i)
=1
Based on the median value of the risk score, patients in the
TCGA training group were divided into high- and low-risk groups.
To further verify the predictive ability of the model, three
independent validation datasets (GSE15459, GSE62254, and
GSE84437) were included in our study. Risk scores were
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calculated separately for each sample in the training cohort and the
GEO validation cohorts based on the same risk formula. Based on
the median risk score, we could divide the patients into two
subgroups of high risk and low risk to explore the prognostic
differences between the two groups. The Kaplan-Meier curves and
receiver operating characteristic curves (ROCs) were constructed
for the training cohort and validation cohorts.

2.4 Independent prognostic analysis and
nomogram construction

To determine if the PLT signature may serve as a standalone
predictive factor in patients with GC, we preformed multivariate
Cox regression analysis. A nomogram for predicting overall survival
(OS) at 1, 2, and 3 years in clinical patients was constructed using
the “rms” R package based on the patient’s age, histologic grade,
gender, stage and risk scores.

2.5 Functional enrichment analysis

We utilized the “limma” R package (22) to identify differentially
expressed genes (DEGs) between the high-risk group and the low-
risk group with the criteria of fold change (FC) > 2 and false
discovery rate (FDR) < 0.05. To further investigate the function of
the DEGs, the Gene Ontology (GO) and Kyoto Encyclopedia of
Genes and Genomes (KEGG) pathways were analyzed using
hypergeometric distribution testing by the “ClusterProfiler” R
package (23). “circlize” R package (24) visualizes the GO and
KEGG results. Finally, Gene Set Enrichment Analysis (GSEA)
with the Kolmogorov-Smirnov (KS) test was performed to find
enriched KEGG pathways, the ridge plot was used to present the
details of GSEA via the “ggstatsplot” R package.

2.6 Risk model's association with TME

The Immuno-Oncology Biological Research (IOBR) R package
(25) (version 0.99.9) was used to analyze the immune features and
immune cell infiltration in high- and low-risk groups. Based on the
186 TME-associated signatures in the R packet IOBR, we calculated
the sample enrichment score. We assessed the expression of
common immune checkpoint genes between high-risk and low-
risk groups. The relationship between risk score and immune
checkpoint genes was analyzed with Pearson correlation test. The
CIBERSORT algorithm in the IOBR package was used for
calculating the relative abundance of 22 kinds of immune cells in
TCGA-GC cohort, and the ESTIMATE algorithm for calculating
each sample’s matrix and immune scores.

2.7 Drug sensitivity analysis

The Cancer Therapeutics Response Portal (CTRP) database
contains data on the sensitivity of different tumor cells to different
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chemotherapeutic drugs. We employed the R package
“oncoPredict” (26) to calculate the sensitivity of individual GC
patient to different chemotherapeutic drugs based on the gene
expression data (log2(TPM + 1)). Then, the difference in the area
under the dose-response curve (AUC) values between high-risk
and low-risk groups was evaluated.

2.8 Validation of expression patterns of
signature genes via the human
protein atlas

The protein expression of ten signature genes in GC and normal
tissues was determined using immunohistochemistry (IHC) from
the Human Protein Atlas (HPA) (https://www.proteinatlas.org/),
which is a valuable database providing extensive transcriptome and
proteomic data for specific human tissues and cells.

2.9 Quantitative real-time PCR validation
of signature genes

The normal human gastric epithelial cell line GES-1, and four
human gastric cancer cell lines, MKN45, N87, HGC27, and KATO-
3, were authenticated by STR profiling. All cell lines were cultured
in RPMI-1640 containing 1% penicillin/streptomycin and 10% fetal
bovine serum. Cells were grown in 5% CO2 at 37°C. Total RNA was
extracted using TRIzol (TransGen Biotech, China). Complementary
DNA (cDNA) was synthesized using the GoScriptTM Reverse
Transcription Mix and Oligo(dT) kit (Promega, United States).
Real-time PCR was performed using SYBR Green PCR Master Mix
(FastStart Universal SYBR Green Master, Roche). Relative gene
expression levels were normalized to the levels of GAPDH using the
ACt method. Each experiment was operated in technical triplicate.
The amplification primer sequences of each gene are detailed in
Supplementary Data Sheet 6.

2.10 Statistical analysis

R software version 4.2.3 was used to conduct the statistical
analysis, and p-values and FDR q-values below 0.05 were regarded
as statistically significant.

3 Results

3.1 Identification of prognosis—related
PRGs in GC patients

The primary design of this study was depicted in the flow chart
(Figure 1). A total of 30 PRGs were significantly associated with
prognosis of GC patients based on the Univariate Cox regression
analysis (Supplementary Data Sheet 2). Genetic mutations of the 30
prognostic PRGs were analyzed through cBioPortal online tool for
GC patients. Genes with a mutation rate no less than 5% are shown
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Flow chart of the study.

in Figure 2A. COLIA2 had the highest mutation rate (13%) among
478 patients, followed by F5 (7%), GNGI11 (7%), EN1 (7%), and
DGKG (7%). We constructed a protein interaction network for the
30 genes based on the STRING database. As shown in Figure 2B, the
FN1, ALB, SERPINE1, COL1A1, COL1A2, and ITGBI genes were at
the core of the protein network interaction. The differential
expression analysis of the candidate prognostic PRGs revealed 23
differentially expressed genes, including 18 upregulated and 5
down-regulated genes (Figure 2C).

3.2 PLT signature establishment

The forest plot of the 30 prognostic PRGs obtained by univariate
Cox regression analysis was shown in Figure 3A. Then we constructed
a predictive prognostic model consisting of 10 PRGs by LASSO
regression analysis (Figures 3B-D). They were SERPINEI, ANXAS,
DGKQ, PTPNG6, F5, DGKB, PCDH7, GNG11, APOA1, and TF. The
coefficient and HR value of multivariate Cox regression analysis is
shown in the form of a forest map (Figure 3B). A linear prediction
model was developed based on the weighted regression coefficients
of 10 prognostic PRGs, calculated as risk score = (-01357x SERPIN
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El exp) + (0.12273 x ANXA5 exp) + (-0.0927) x DGKQ exp +
(-0.0722 x PTPN6 exp) + (0.05354 x F5 exp) + (0.04579 x DGKB
exp) + (0.04079 x PCDH7 exp) + (0.03418 x GNGI1 exp) +
(0.03202xAPOAL1 exp) + (0.02374 x TF exp ). Of these, SERPINE],
ANXAS5, F5, DGKB, PCDH7, GNGI1, APOA1, and TF showed
significant positive correlations with risk scores, while DGKQ and
PTPNG6 showed significant negative correlation with risk scores.

3.3 Validation of the PLT signature

After establishing the predictive prognostic model based on 10
prognostic PRGs for GC, we computed the risk score for each GC
patient based on the LASSO coefficients and expression value for
each PRG (Supplementary Data Sheet 3). We contrasted the
distribution of risk score, the survival status and the heatmap of
GC patients in the TCGA cohort (Figure 4A). The risk curves and
scatter plots implied that mortality was positively related to the risk
score in the TCGA cohort. The heatmap unveiled that higher
DGKQ and PTPNG6 expression were detected in the low-risk
group, while the other eight genes (F5, APOAI, TF, ANXAS5,
SERPINE1, PCDH7, DGKB, and GNGI1) were highly expressed
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Identification and analysis of prognostic PRGs. (A) Gene mutation analysis of 30 prognostic PRGs in patients with GC by cBioPortal analysis (only
genes altered in > 5% of 478 samples are displayed). (B) Protein—protein interaction (PPI) network analysis of 30 prognosis-related PRGs using
STRING database. (C) Differential expression of 30 prognostic PRGs between tumor and normal tissues (Only genes with P < 0.05 are displayed).

*P < 0.05, **P < 0.01, ****P < 0.0001.

in the high-risk group. Kaplan-Meier analysis was used to analyze
the survival and prognosis of GC patients in TCGA. As shown in
the Figure 4B, patients in the low-risk group had a better prognosis,
while patients in the high-risk group had a worse prognosis
(P<0.001). The AUCs of 1-year, 2-year, and 3-year survival ROC
curves predicted by the PLT signature were 0.670, 0.695, and 0.707,
respectively, suggesting the efficiency of PLT signature in predicting
prognosis for GC to a certain extent (Figure 4C).

To further demonstrate the stability and reliable generalization
of our model, the GSE15459, GSE62254, and GSE84437 cohorts
were used as the external validation cohorts. The Kaplan-Meier
curves showed a significant difference in prognosis between the
high-risk and low-risk patients in these three cohorts, respectively,
with a more significant survival advantage for patients in the low-
risk group (P = 0.001, P = 0.003, P < 0.001, respectively)
(Figures 4D-F). The ROC curve was used as a tool to predict the
survival time of patients at 1-, 2-, and 3- years. The AUCs at 1-, 2-,
and 3- years for the GSE15459 cohort were 0.670, 0.633, and 0.662,
respectively (Figure 4G). The AUCs for the GSE62254 cohort were
0.667, 0.606, and 0.608, respectively (Figure 4H). The AUCs for the
GSE84437 cohort were 0.599, 0.608, and 0.611, respectively
(Figure 4I). This indicates that the model has an excellent
predictive effect.

Frontiers in Immunology

95

3.4 Creation of nomograms based on PLT
signatures combined with
clinical characteristics

To validate the reliability and clinical value of the biological
signature constructed based on PRGs as a predictor of prognosis, we
conducted multivariate Cox regression analysis including common
clinical characteristics (Supplementary Data Sheet 4). It is shown
that in the multifactorial cox analysis, tumor stage (P<0.001) and
risk score (P<0.001) were all independent prognostic factors
significantly associated with patient prognosis (Figure 5A). Based
on the above analysis, in order to be able to predict patients’
prognosis quantitatively and to inform clinical decision-making,
we integrated the risk score and clinical indicators to construct
Nomogram plots as a means of predicting the probability of
prognostic survival at 1, 2, and 3 years (Figure 5B). We then used
time-dependent ROC curve analysis to compare the predictive
accuracy between the nomogram, risk score, and common
clinicopathological features (Figure 5C). The results showed that
risk score had a much greater AUC value than the rest of the
individual clinicopathological features, and the nomogram model
suggested higher prognostic accuracy at 1-, 2-, and 3-year OS with a
larger AUC than risk score. The time-dependent AUCs of the
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prognostic signatures based on lasso Cox analysis; (C) LASSO coefficient profiles of 30 prognosis-related PRGs, genes are represented by different colors; (D)
LASSO regression with tenfold cross-validation, and selection of the optimal parameter (lambda) in the LASSO model.

nomogram for predicting 1-, 2-, and 3-year OS were 0.708, 0.763,
and 0.742, respectively. Combined with these results, this suggests
that our PLT signature is more practical and influential for clinical
decision making and is more suitable as a clinical decision tool for
predicting the prognosis of patients with GC in the clinical setting.

3.5 Identification of DEGs between high-
risk and low-risk groups and function
enrichment analysis

We performed DEGs analysis between high-risk and low-risk
groups on the TCGA cohort, and the results showed that 2,442
DEGs were differentially expressed between the high-risk group and
the low-risk group based on the criteria of P <0.05. Among that,
2,249 genes were up-regulated, and 193 genes were down-regulated.
The volcano plot of DEGs were displayed in Figure 6A. All of the
upregulated and downregulated genes were demonstrated in
Supplementary Data Sheet 5. The results of GO analysis can be
divided into three categories: biological process, cellular
component, and molecular function. Where in biological
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processes, such as axonogenesis, extracellular matrix organization,
extracellular structure organization; Cellular components, such as
collagen—containing extracellular matrix and synaptic membrane;
And molecular functions, such as extracellular matrix structural
constituent, G protein—coupled peptide receptor activity, peptide
receptor activity, and glycosaminoglycan binding were significantly
enriched (Figure 6B). KEGG pathways were enriched in
Neuroactive ligand-receptor interaction, cyclic adenosine
monophosphate (cAMP) signaling pathway, Calcium signaling
pathway, Cell adhesion molecules, and extracellular matrix
(ECM)—receptor interaction (Figure 6C). Then, the GSEA method
was applied to identify the significantly enriched KEGG pathways in
the high-risk samples. The ridgeplot showed that several pathways,
such as calcium signaling pathway, cAMP signaling pathway, ECM-
receptor interaction, focal adhesion, and neuroactive ligand-
receptor interaction, were significantly enriched in the high-risk
group (Figure 6D). DNA replication, base excision repair,
homologous recombination, nucleotide excision repair were the
pathways that were substantially enriched in the low-risk group.
GSEA plot of important pathways enriched in the high-risk group

was shown in Figure 6E.
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FIGURE 4

Validation of the PLT signature. (A) The distribution of risk score, the survival status and the heatmap of GC patients in the TCGA cohort; (B) Kaplan-
Meier survival curves of OS between low-risk and high-risk groups in the TCGA cohort; (C) Time-dependent ROC curves of 1-, 2-, and 3-years of
GC patients in TCGA cohort; (D-F) Kaplan-Meier survival curves of OS between low-risk and high-risk groups in the GSE15459, GSE62254, and
GSE84437 cohorts, respectively; (G-1) Time-dependent ROC curves of 1-, 2-, and 3-years of GC patients in the GSE15459, GSE62254, and

GSE84437 cohorts, respectively.

3.6 Immune signatures between high-risk enrichment scores of TME cells-related signatures between two

and low-risk groups

groups. The results showed that T cell-related signatures [T cell
accumulation, T cell exhaustion, T cell regulatory (27)] and tumor-

To further elucidate differences in the immune microenvironment  associated macrophage-related signatures [Macrophages Bindea et al.
of patients between high-risk and low-risk groups, we compared the  (28), TAM_Peng et_al (27)] had significantly higher enrichment

Frontiers in Immunology

97 frontiersin.org


https://doi.org/10.3389/fimmu.2024.1477427
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al. 10.3389/fimmu.2024.1477427
A Hazard ratio
risk_score = 37 : — <0.007 ***
= (N=345) (2.24- 6.2) !
1.0 {
age (N=348) (1.01-1.1) - <0.001
female reference :
gender N=123) ™
male 12 1
— 0.374
(N=225) (0.81- 1.7) i
A i G1 reference "
histologic.grade N=9) t
G2 29 {
0.298
(N=123) (0.39-209) i -
G3 34 . 0.222
(N=207) (0.47 - 24.8) t
15 i
tumor.stage (N=348) (1.20- 19) L <0.001
# Events: 132; Global p-value (Log-Rank): 1.3087e-10
AIC: 1299.32; Concordance Index: 0.69 0.5 1 2 5 10 20
B Cox regression
Points
0 20 40 60 ale 80 100
gender female i‘
G3
G2
histologic.grade G1 | I
tumor.stage*** A ‘ ‘ N
1 2 3 4
age***
02 04 06 08 . . . . . . .
Total points
220 240 260 280 300 320 340 360 380 400
3-year survival
4 0.04 0.08 0.12 0.2 0.4 0.6 0.85 0.94 0.99
2-year sruvival
4 0.03 0.05 0.08 0.15 0.3 0.5 0.7 0.86 0.96
1-year survival
4 0.015 0.03 0.06 0.1 0.2 0.4 0.6 0.8
Cc
1-year Survival 2-year Survival 3-year Survival
1.00 1.00 1.00
% 075 % 075 -g 075
[ ] [
= = =
B 050 B 050 B 050
o o o
=% o =%
g Nomogram (AUC=0.708) g Nomogram (AUC=0.763) g Nomogram (AUC=0.742)
= age (AUC=0571)| = age (AUC=0.623) 2 age (AUC=0.615)
=025 gender (AUC=0.527) =025 gender (AUC=0.549) =025 gender (AUC=0.469)
histologic.grade (AUC=0.558) histologic.grade (AUC=0.564) histologic.grade (AUC=0.604)
tumor.stage (AUC=0.611) tumor.stage (AUC=0.606) tumor.stage (AUC=0.573)
0.00 risk_score (AUC=0.670) 0.00 risk_score (AUC=0.695) 0.00 risk_score (AUC=0.707)
0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
False positive rate False positive rate False positive rate
FIGURE 5

Construction and validation of the nomogram model. (A) Multivariate Cox analyses indicated that risk score was an independent prognostic factor
significantly associated with OS in TCGA cohort; (B) Nomogram for predicting 1-, 2-, and 3-year OS; (C) Time-dependent ROC curve analyses of the
nomogram, risk score, age, gender, histologic grade and tumor stage in TCGA cohort. *** P < 0.001.

scores in the high-risk group compared to the low-risk group
(Supplementary Figure S1). Additional examination of TME
signatures employing the IOBR package unveiled an
immunosuppressive, exclusive, and exhausted TME in the high-risk
group (Supplementary Figures S2A-C). Furthermore, patients in the
low-risk group exhibited higher scores in DNA damage response
(DDR), mismatch repair, and homologous recombination
(Supplementary Figure S2D), suggesting that they may be more
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sensitive to immunotherapy. High-risk patients demonstrated more
pronounced epithelial-mesenchymal transition (EMT) signatures
(Supplementary Figure S2E). Taken together, these findings suggest
an immunosuppressive TME in the high-risk group. The extent of
immune cell infiltration in patients in the TCGA cohort was then
assessed. The results of ESTIMATE suggested that stromal score, and
ESTIMATE score were higher in the high-risk group (Figure 7A). We
then estimated the proportion of 22 types of immune cells in each
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Results of differentially expressed genes (DEGs) and function enrichment. (A) Volcano plot of DEGs between high-risk and low-risk groups; (B) GO
enrichment analysis of DEGs between two groups; (C) KEGG enrichment analysis of DEGs between two groups; (D) Ridgeplot of KEGG by GSEA.

(E) GSEA plot of important pathways in comparison between two groups.

sample by CIBERSORT algorithm. The difference in the proportion of
each type of immune cell between two risk groups was shown
Figure 7B. The results revealed that compared with the low-risk
group, memory B cells (P < 0.001), follicular helper T cells (P <
0.001) exhibited lower infiltrating levels in the high-risk group.
However, samples in the high-risk group had a significant increase
in the fraction of naive B cells (P < 0.01), monocytes (P < 0.001) and
macrophages M2 (P < 0.01). We also explored the relationship
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between risk score and common immune checkpoint genes,
including programmed cell death 1 (PDCD1), PDCD1 ligand 1
(PDCDIL1/CD274), cytotoxic T-lymphocyte-associated antigen 4
(CTLA4), PDCD1 ligand 2 (PDCDI1LG2), hepatitis A virus cellular
receptor 2/T-cell immunoglobulin mucin receptor 3 (HAVCR2/
TIM3), lymphocyte activating 3 (LAG3), and T cell
immunoreceptor with immunoglobulin and ITIM domain (TIGIT).
As displayed in Supplementary Figure S3A, the levels of HAVCR2 and
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Immune signatures between high-risk and low-risk groups. (A) Difference

of ESTIMATE immune infiltration between different risk groups in the

TCGA cohort; (B) The proportion of immune cell components assessed by CIBERSORT in the TCGA cohort. *P < 0.05, **P < 0.01, ***P < 0.001,

****P < 0.0001, ns, not significant.

PDCDI1LG2 were increased in the high-risk group in GC. However,
no significant correlation was observed between the immune
checkpoint molecules and the risk score (Supplementary Figure S3B).

3.7 Relationship between risk scores and
response to chemotherapy

In order to find more effective drugs for patients in the high-risk
group, we further studied the sensitivity of tumor cells to
chemotherapeutic drugs between different risk groups based on
CTRP database. The AUC value represents the degree of drug
sensitivity. An increasing AUC value represents a lower drug
sensitivity. We found that patients in the high-risk group tended to
be less sensitive to oxaliplatin, doxorubicin, and mitomycin, but more
sensitive to thalidomide, MK-0752, and BRD-K17060750 (Figure 8).

3.8 Validation of the expression levels of
signature genes in clinical samples

THC results of the protein expression of the signature genes
from HPA database were displayed in Figure 9. SERPINEI was
expressed at a low level in stomach normal tissues and was not
detected or expressed at a low level in tumor tissues. ANXA5 was
expressed at a low to medium level in both tumor and stomach
normal tissues. DGKQ was not detected or expressed at a low level
in GC tumor tissues but had medium to high expression levels in
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stomach normal tissues. PCDH7 was expressed at a high level in
stomach normal tissues and had diverse expression levels in GC
tumor tissues, ranging from low expression and medium to high
expression. GNG11 was not detected in stomach normal tissues but
had various expression levels in GC tumor tissues, which was from
not detected and low to medium expression. APOAl was not
detected in both tumor and stomach normal tissues. TF was not
detected or expressed at a low level in normal tissues and had
diverse expression levels in GC tumor tissues, which was from not
detected and low expression to medium expression. Data for F5 and
DGKB were lacking and therefore not presented.

3.9 Validation of ten signature PRGs by
gRT-PCR

The qRT-PCR analysis was performed to further verify ten
signature genes in normal and tumor cells (Figure 10). The results
showed that the expression of PTPN6, F5, DGKB, PCDH7, and TF was
elevated in GC cell lines, whereas the expression of SERPINE, ANXA5,
DGKQ, and GNGI1 was decreased. APOA1 expression was not
detected in the GES-1 and four human gastric cancer cell lines.

4 Discussion

GC is one of the most common primary malignant tumors in
the digestive tract with high rates of incidence and mortality.
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PLT signature predicts the sensitivity of chemotherapy. (A) Oxaliplatin; (B) Doxorubicin; (C) Mitomycin; (D) Thalidomide; (E) MK-0752;

(F) BRD-K17060750.

Despite recent advances in immunotherapy and molecular targeted
therapies, the prognosis of advanced GC patients is still miserably
poor. The TNM staging system used by the American Joint
Committee on Cancer (AJCC) is a major factor influencing
prognosis and treatment decisions of GC (29). The Asian Cancer
Research Group (ACRG) newly proposed a molecular classification
system where GC is divided into four subtypes: microsatellite stable
(MSS)/TP53 activation, MSS/TP53 loss, microsatellite instability
(MSI), and MSS/EMT. The result of survival analysis demonstrated
that the MSS/EMT group had the worst prognosis due to its easy
metastasis and the MSI group had a better prognosis (30).
Nonetheless, the existing prognostic stratification systems are not
sufficient to accurately predict the prognosis in GC patients. Hence,
it is still urgently necessary to explore novel and effectual molecular
prognostic biomarkers for GC.

In recent years, PLT in cancers have gotten wide attention due
to its roles in regulating tumor proliferation, metastasis and TME
through several mechanisms (5, 7). PLT can secrete growth factors
like epidermal growth factor (EGF) and vascular endothelial growth
factor (VEGF), promoting tumor cell proliferation and angiogenesis
(4). PLT also release transforming growth factor-f (TGFB) and
serotonin, creating an immunosuppressive microenvironment by
suppressing T cell activity and promoting the transition of M1
macrophages to the M2 phenotype (31). Additionally, PLT facilitate
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EMT, increasing the invasiveness of tumor cells (5). Moreover, PLT
can form microaggregates around circulating tumor cells,
protecting them from immune detection and enhancing their
ability to metastasize (32). It has been reported that PLT
reduction was associated with improved OS and progression-free
survival (PFS) rates in patients with stage IV GC (33). However, the
effect of PLT-related mRNAs in GC and the mechanism of how PLT
alterations affect the tumor biological processes of GC remains
unclear to date.

In this study, we integrated PLT-related gene expression profiles
from the TCGA-GC dataset and screened 10 genes to construct a
new prognostic model for GC patients using LASSO regression
analysis. The PLT signature we constructed was shown to be an
independent prognostic factor for GC, and a substantial prognostic
difference was discovered between the high and low risk groups.
Furthermore, the HR of the risk score in multivariate Cox analyses
was 3.7 (2.24-6.2), while the HR of tumor stage was only 1.5 (1.20-
1.9). Risk score seems more pronounced than tumor stage in
prognosis prediction of GC. A nomogram integrated with age,
gender, histologic grade, tumor grade and risk score also showed a
good prediction of GC patients’ survival in 1-, 2-, and 3- years. It
helps improve clinicians’ decision-making and optimize the
personalized treatment plans of GC patients. ROC curves
demonstrated the PLT signature’s superiority to the other
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FIGURE 9
Immunohistochemistry of signature genes in GC and normal samples from the HPA database.

traditional clinical indicators such as age, gender, histologic grade,
and tumor grade.

After a comprehensive review of the literature, we reviewed the roles
of the signature genes in platelet function and their relationship with
cancer, highlighting that most genes included in the PLT risk model are
closely associated with cancer to varying extents. Serine protease
inhibitor clade E member 1 (SERPINEI) plays key roles in regulating
the fibrinolytic system (34). It has been detected in various cancers and
implicated in tumor progression and angiogenesis in multiple cancer
types (35-37). It was reported that SERPINEI contributes to tumor
proliferation, invasion and migration by regulating EMT in GC (38).
Annexin A5 (ANXA5) was identified as an anticoagulant protein and
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soon reported as a potential apoptosis biomarker due to its binding to
phosphatidylserine (39). ANXA5 contributes to an immunostimulatory
profile in the TME and serves as a link between the innate and adaptive
immune systems (39). ANXA5 may potentially affect the prognosis of
GC patients as well as the immune therapy response due to its influence
on the angiogenesis phenotype (40). Diacylglycerol Kinase Beta (DGKB)
and Diacylglycerol Kinase Theta (DGKQ) encode different isotypes of
Diacylglycerol kinases, which regulates the intracellular concentration of
the second messenger diacylglycerol. Inhibition of diacylglycerol kinase
augmented platelet secretion and aggregation (41). Diacylglycerol
pathways influence the tumor ecosystem by mediating the intricate
and dynamic interactions between cancer cells and the tumor immune
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FIGURE 10

Evaluation of the expression of ten PLT-related signature genes in normal and GC cells. *P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, ns,

not significant.

environment (42). The protein encoded by Protein Tyrosine
Phosphatase Non-Receptor Type 6 (PTPN6) is a member of the
protein tyrosine phosphatase family (43). PTPN6 has been shown to
inhibit platelet apoptosis and necroptosis during sepsis (44), and its
elevated expression is linked to poor prognosis and increased immune
infiltration in cancer (45). Coagulation factor V (F5) plays an essential
role in coagulation as both a procoagulant cofactor and an anticoagulant
cofactor (46). High F5 expression was associated with aggressive tumors,
but also with improved survival in breast cancer (47). Protocadherin 7
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(PCDH?) belongs to the cadherin superfamily and plays a role in the
pathways of platelet activation, signaling, and aggregation (48). Zhou
et al. found that PCDH7 could suppress cell migration and invasion
through E-cadherin inhibition in GC cell lines (49). G Protein Subunit
Gamma 11 (GNGI1I) is a member of guanine nucleotide-binding
protein gamma family, which regulated G-protein coupled receptors-
dependent platelet function (50). Jiang et al. discovered that high
expression of GNGI11 was associated with poor prognosis of ovarian
cancer patients (51). Apolipoprotein Al (APOAI) encodes
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apolipoprotein A-I, which was shown to inhibit platelet activation and
reduce both clot strength and stability in vivo (52). A preclinical study
showed that reduced plasma APOAL level is associated with gastric
tumor growth in mouse cancer xenogratt model (53). Transferrin (TF)
encodes iron binding transport proteins (54). Although iron metabolism
has been reported closely related to cancer progression (55), the role of
TF in cancer has yet to be investigated.

We found that patients in the high-risk group had significantly
higher activities of calcium signaling pathway, cAMP signaling
pathway and ECM-receptor interaction. Ca2+ signaling is closely
implicated in platelet function. Release of Ca2+ from the dense
tubular system into the cytosol initiated by activated PLCy2 can
amplify platelet activation (56). It is becoming evident that
dysregulated Ca2+ homeostasis may serve an important role in
carcinogenesis or tumorigenesis (57). cAMP is recognized for its
significant role in regulating platelets, and platelet activators are
known to disrupt the cAMP signaling pathway at various levels (58).
Cancer cells, including glioblastoma, ovarian cancer, colorectal cancer
and breast cancer, utilize the cAMP/PKA signaling pathway to facilitate
invasion, migration, adhesion, clonal development, and other
malignant traits (59). Deregulation of ECM remodeling,
characterized by excess matrix deposition and increased stiffness, is
associated with bone marrow pathologies that can lead to defects in
platelet production and function (60). ECM-receptor interaction
pathway plays an essential role in tumor shedding, adhesion, and
mobility (61). It has been demonstrated that in GC, ECM -receptor
interaction pathway takes involvement in the process of tumor
invasion and metastasis (62). Taken together, the enrichment of
these pathways demonstrates to some extent the mechanism of
poorer prognosis in patients with higher risk scores.

As tumor-educated PLT play significant roles in modulating the
immune environment, we further explored the immune features of
high-risk patients. Immune-related gene signature suggest an
immunosuppressive TME in the high-risk group. Given that
immune checkpoint inhibitors are less effective in an
immunosuppressive microenvironment (63), we speculated that
patients in the high-risk group would benefit less from
immunotherapy. We further investigated the relationship between
the risk scores and immune checkpoint molecules, which have been
considered potential biomarkers of response to ICIs. Although the
expression of HAVCR2 and PDCD1LG2 was elevated in the high-
risk group, the correlations between the immune genes and the risk
score were not significant. Additional biomarkers, such as tumor
mutation burden (TMB) and human leukocyte antigen (HLA),
merit additional investigation to gain a more comprehensive
understanding of the potential relationship between the risk score
and efficacy of immunotherapy.

The investigation of immune cell infiltration in different risk
groups of GC patients can help clinicians to gain a better knowledge
of the overall immune landscape of patients. Our findings
demonstrated that the high-risk group had higher M2
macrophage infiltration and that tumor-associated macrophage-
related signatures were enriched in this group. Li et al. found that
GC-derived mesenchymal stromal cells can induce the polarization
of macrophages into the M2 subtype, which promotes the migration
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and invasion of gastric cancer cells via advancing the process of
EMT (64). It has been shown that M2 phenotype polarization of
macrophage may contribute to acquired trastuzumab resistance in
HER2-positive GC (65). Thus, we hypothesized that M2
macrophage polarization may contribute to the poor prognosis in
high-risk patients.

Drug resistance is a major cause of death in cancer patients (66).
We investigated the potential correlation between drug sensitivity
and PLT risk scores using CTRP database. The results suggest that
patients in the high-risk group tended to be less sensitive to classical
antitumor drugs including oxaliplatin, doxorubicin, and
mitomycin. The PLT signature may be used as a predictor of
tumor response to chemotherapy. On the other hand, we
identified three unconventional antitumor compounds including
thalidomide, MK-0752, and BRD-K17060750, with potential
advantages for patients with high PLT risk scores. Thalidomide
combined with capecitabine has been shown in a prior study to be a
safe and mildly effective treatment for elderly patients with
advanced GC (67). MK-0752 is a potent inhibitor of gamma
secretase, an enzyme required for Notch pathway activation. This
agent has been investigated in phase 1 clinical trials in solid tumors
(68, 69). The efficacy of these drugs for GC patients in the high-risk
group is expected for further investigation.

There are some strengths of the present study. Firstly, our
signature is based on TCGA data and GEO databases with relatively
large sample sizes. Secondly, our risk model is more cost-effective
and has good clinical practicability because it’s based on a specific
gene set. Thirdly, our risk model and nomogram have great clinical
implications for the prognostic evaluation and selection of
treatment options for GC patients.

Certain limitations of our study should be addressed. Firstly,
more data from prospective clinical GC cohorts need to be collected
to externally validate the utility of the model in the next step.
Secondly, the public databases provide only a limited amount of
information on clinical features and may not include other clinical
factors, such as treatment history, and molecular types that can
influence prognosis. Lastly, we validated the expression of the risk
model genes using qPCR, but further mechanistic studies in vivo
and vitro need to be conducted to better comprehend the
mechanisms by which PLT-related genes affect TME and
immunotherapy sensitivity.

In conclusion, our study firstly constructed a reliable PLT-
related risk model for predicting survival in GC patients. The
independence and predictive performance of this model was
further validated using external validation data. This study
deepens our understanding of platelet-related genes in GC and
provides new potential prognostic and therapeutic biomarkers for
individualized treatment.

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary Material. Further inquiries can be
directed to the corresponding author.

frontiersin.org


https://doi.org/10.3389/fimmu.2024.1477427
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

Author contributions

QL: Conceptualization, Formal analysis, Funding acquisition,
Writing — original draft, Writing - review & editing. CZ: Software,
Visualization, Writing - original draft, Writing — review & editing.
YR: Visualization, Writing - original draft, Writing - review &
editing. LQ: Visualization, Writing - original draft, Writing -
review & editing. SX: Visualization, Writing — original draft,
Writing - review & editing. KL: Visualization, Writing - original
draft, Writing - review & editing. YL: Conceptualization, Funding
acquisition, Supervision, Writing — original draft, Writing — review
& editing.

Funding

The author(s) declare that financial support was received for the
research, authorship, and/or publication of this article. This work
was supported by PhD Start-up Fund of Henan Cancer Hospital.

References

1. Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al. Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for
36 cancers in 185 countries. CA Cancer ] Clin. (2021) 71:209-49. doi: 10.3322/
caac.21660

2. Kole C, Charalampakis N, Tsakatikas S, Kouris N-I, Papaxoinis G, Karamouzis
MYV, et al. Immunotherapy for gastric cancer: a 2021 update. Immunotherapy. (2022)
14:41-64. doi: 10.2217/imt-2021-0103

3. Gaertner F, Massberg S. Patrolling the vascular borders: platelets in immunity to
infection and cancer. Nat Rev Immunol. (2019) 19:747-60. doi: 10.1038/s41577-019-
0202-z

4. LiS,LuZ, Wu§, Chu T, Li B, Qi F, et al. The dynamic role of platelets in cancer
progression and their therapeutic implications. Nat Rev Cancer. (2023) 24:72-87.
doi: 10.1038/541568-023-00639-6

5. Labelle M, Begum S, Hynes RO. Direct signaling between platelets and cancer cells
induces an epithelial-mesenchymal-like transition and promotes metastasis. Cancer
Cell. (2011) 20:576-90. doi: 10.1016/j.ccr.2011.09.009

6. Cho MS, Bottsford-Miller J, Vasquez HG, Stone R, Zand B, Kroll MH, et al.
Platelets increase the proliferation of ovarian cancer cells. Blood. (2012) 120:4869-72.
doi: 10.1182/blood-2012-06-438598

7. Placke T, Orgel M, Schaller M, Jung G, Rammensee H-G, Kopp H-G, et al.
Platelet-derived MHC class I confers a pseudonormal phenotype to cancer cells that
subverts the antitumor reactivity of natural killer immune cells. Cancer Res. (2012)
72:440-8. doi: 10.1158/0008-5472.CAN-11-1872

8. Radziwon-Balicka A, Medina C, O’Driscoll L, Treumann A, Bazou D, Inkielewicz-
Stepniak I, et al. Platelets increase survival of adenocarcinoma cells challenged with
anticancer drugs: mechanisms and implications for chemoresistance. Br ] Pharmacol.
(2012) 167:787-804. doi: 10.1111/j.1476-5381.2012.01991.x

9. Lin RJ, Afshar-Kharghan V, Schafer AL Paraneoplastic thrombocytosis: the
secrets of tumor self-promotion. Blood. (2014) 124:184-7. doi: 10.1182/blood-2014-
03-562538

10. Abdulrahman GO, Das N, Lutchman Singh K. The predictive role of
thrombocytosis in benign, borderline and Malignant ovarian tumors. Platelets.
(2020) 31:795-800. doi: 10.1080/09537104.2019.1686755

11. Li X, Li M, Hu Z, Zhou L, Zheng M, Jiao D, et al. Tumor-infiltrating platelets
promote the growth of lung adenocarcinoma. Transl Oncol. (2024) 39:101813.
doi: 10.1016/j.tranon.2023.101813

12. Pang Q, Gong X, Pan H, Wang Y, Hu X, Liu H, et al. Platelet count as a predictor
of vascular invasion and extrahepatic metastasis in hepatocellular carcinoma: A
systematic review and meta-analysis. Heliyon. (2024) 10:e28173. doi: 10.1016/
j-heliyon.2024.628173

13. Hwang SG, Kim KM, Cheong JH, Kim HI, An JY, Hyung WJ, et al. Impact of
pretreatment thrombocytosis on blood-borne metastasis and prognosis of gastric
cancer. Eur J Surg Oncol. (2012) 38:562-7. doi: 10.1016/j.ejs0.2012.04.009

Frontiers in Immunology

10.3389/fimmu.2024.1477427

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations,
or those of the publisher, the editors and the reviewers. Any product
that may be evaluated in this article, or claim that may be made by its
manufacturer, is not guaranteed or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1477427/
full#supplementary-material

14. Jiang X, Wong KHK, Khankhel AH, Zeinali M, Reategui E, Phillips MJ, et al.
Microfluidic isolation of platelet-covered circulating tumor cells. Lab Chip. (2017)
17:3498-503. doi: 10.1039/c71c00654c

15. Kuznetsov HS, Marsh T, Markens BA, Castafio Z, Greene-Colozzi A, Hay SA,
et al. Identification of luminal breast cancers that establish a tumor-supportive
macroenvironment defined by proangiogenic platelets and bone marrow-derived
cells. Cancer Discovery. (2012) 2:1150-65. doi: 10.1158/2159-8290.CD-12-0216

16. Hu Q, Hisamatsu T, Haemmerle M, Cho MS, Pradeep S, Rupaimoole R, et al.
Role of platelet-derived tgfB1 in the progression of ovarian cancer. Clin Cancer Res.
(2017) 23:5611-21. doi: 10.1158/1078-0432.CCR-16-3272

17. Wang L, Li Z, Li Z, Ren Y, Qian L, Yu Y, et al. Identification of A novel gene
signature combining ferroptosis- and immunity-related genes for prognostic
prediction, immunotherapy and potential therapeutic targets in gastric cancer. J
Cancer. (2023) 14:3457-76. doi: 10.7150/jca.87223

18. Zhang M, Cao C, Li X, Gu Q, Xu Y, Zhu Z, et al. Five EMT-related genes
signature predicts overall survival and immune environment in microsatellite
instability-high gastric cancer. Cancer Med. (2023) 12:2075-88. doi: 10.1002/
cam4.4975

19. Xiang T, Wei Z, Ye C, Liu G. Prognostic impact and immunotherapeutic
implications of NETosis-related gene signature in gastric cancer patients. J Cell Mol
Med. (2023) 28:¢18087. doi: 10.1111/jcmm.18087

20. LiX, Zhao K, Lu Y, Wang J, Yao W. Genetic analysis of platelet-related genes in
hepatocellular carcinoma reveals a novel prognostic signature and determines PRKCD
as the potential molecular bridge. Biol Proced Online. (2022) 24:22. doi: 10.1186/
s12575-022-00185-9

21. Shannon P, Markiel A, Ozier O, Baliga NS, Wang JT, Ramage D, et al. Cytoscape:
a software environment for integrated models of biomolecular interaction networks.
Genome Res. (2003) 13:2498-504. doi: 10.1101/gr.1239303

22. Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, et al. limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic
Acids Res. (2015) 43:e47. doi: 10.1093/nar/gkv007

23. Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. (2012) 16:284-7. doi: 10.1089/
omi.2011.0118

24. Gu Z, Gu L, Eils R, Schlesner M, Brors B. circlize Implements and enhances
circular visualization in R. Bioinformatics. (2014) 30:2811-2. doi: 10.1093/
bioinformatics/btu393

25. Zeng D, Ye Z, Shen R, Yu G, Wu J, Xiong Y, et al. IOBR: multi-omics immuno-
oncology biological research to decode tumor microenvironment and signatures. Front
Immunol. (2021) 12:687975. doi: 10.3389/fimmu.2021.687975

26. Maeser D, Gruener RF, Huang RS. oncoPredict: an R package for predicting in

vivo or cancer patient drug response and biomarkers from cell line screening data. Brief
Bioinform. (2021) 22:bbab260. doi: 10.1093/bib/bbab260

frontiersin.org


https://www.frontiersin.org/articles/10.3389/fimmu.2024.1477427/full#supplementary-material
https://www.frontiersin.org/articles/10.3389/fimmu.2024.1477427/full#supplementary-material
https://doi.org/10.3322/caac.21660
https://doi.org/10.3322/caac.21660
https://doi.org/10.2217/imt-2021-0103
https://doi.org/10.1038/s41577-019-0202-z
https://doi.org/10.1038/s41577-019-0202-z
https://doi.org/10.1038/s41568-023-00639-6
https://doi.org/10.1016/j.ccr.2011.09.009
https://doi.org/10.1182/blood-2012-06-438598
https://doi.org/10.1158/0008-5472.CAN-11-1872
https://doi.org/10.1111/j.1476-5381.2012.01991.x
https://doi.org/10.1182/blood-2014-03-562538
https://doi.org/10.1182/blood-2014-03-562538
https://doi.org/10.1080/09537104.2019.1686755
https://doi.org/10.1016/j.tranon.2023.101813
https://doi.org/10.1016/j.heliyon.2024.e28173
https://doi.org/10.1016/j.heliyon.2024.e28173
https://doi.org/10.1016/j.ejso.2012.04.009
https://doi.org/10.1039/c7lc00654c
https://doi.org/10.1158/2159-8290.CD-12-0216
https://doi.org/10.1158/1078-0432.CCR-16-3272
https://doi.org/10.7150/jca.87223
https://doi.org/10.1002/cam4.4975
https://doi.org/10.1002/cam4.4975
https://doi.org/10.1111/jcmm.18087
https://doi.org/10.1186/s12575-022-00185-9
https://doi.org/10.1186/s12575-022-00185-9
https://doi.org/10.1101/gr.1239303
https://doi.org/10.1093/nar/gkv007
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1093/bioinformatics/btu393
https://doi.org/10.1093/bioinformatics/btu393
https://doi.org/10.3389/fimmu.2021.687975
https://doi.org/10.1093/bib/bbab260
https://doi.org/10.3389/fimmu.2024.1477427
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

Li et al.

27. Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, et al. Signatures of T cell dysfunction
and exclusion predict cancer immunotherapy response. Nat Med. (2018) 24:1550-8.
doi: 10.1038/s41591-018-0136-1

28. Bindea G, Mlecnik B, Tosolini M, Kirilovsky A, Waldner M, Obenauf AC, et al.
Spatiotemporal dynamics of intratumoral immune cells reveal the immune landscape
in human cancer. Immunity. (2013) 39:782-95. doi: 10.1016/j.immuni.2013.10.003

29. He X, Wu W, Lin Z, Ding Y, Si J, Sun L-M. Validation of the American Joint
Committee on Cancer (AJCC) 8th edition stage system for gastric cancer patients: a
population-based analysis. Gastric Cancer. (2018) 21:391-400. doi: 10.1007/s10120-
017-0770-1

30. Cristescu R, Lee J, Nebozhyn M, Kim K-M, Ting JC, Wong SS, et al. Molecular
analysis of gastric cancer identifies subtypes associated with distinct clinical outcomes.
Nat Med. (2015) 21:449-56. doi: 10.1038/nm.3850

31. Lj G, Felding-Habermann B. Contribution of platelets to tumour metastasis. Nat
Rev Cancer. (2011) 11:123-34. doi: 10.1038/nrc3004

32. Ren ], He J, Zhang H, Xia Y, Hu Z, Loughran P, et al. Platelet TLR4-ERK5 axis
facilitates NET-mediated capturing of circulating tumor cells and distant metastasis
after surgical stress. Cancer Res. (2021) 81:2373-85. doi: 10.1158/0008-5472.CAN-20-
3222

33. Konopka K, Frg.czek P, Lubas M, Micek A, Kwinta %, Streb J, et al. Reduction of
cancer-induced thrombocytosis as a biomarker of improved outcomes in advanced
gastric cancer. ] Clin Med. (2022) 11:1213. doi: 10.3390/jcm11051213

34. Huttinger ZM, Haynes LM, Yee A, Kretz CA, Holding ML, Siemieniak DR, et al.
Deep mutational scanning of the plasminogen activator inhibitor-1 functional
landscape. Sci Rep. (2021) 11:18827. doi: 10.1038/s41598-021-97871-7

35. Humphries BA, Buschhaus JM, Chen Y-C, Haley HR, Qyli T, Chiang B, et al.
Plasminogen activator inhibitor 1 (PAIl) promotes actin cytoskeleton reorganization
and glycolytic metabolism in triple-negative breast cancer. Mol Cancer Res. (2019)
17:1142-54. doi: 10.1158/1541-7786.MCR-18-0836

36. Sakamoto H, Koma Y-I, Higashino N, Kodama T, Tanigawa K, Shimizu M, et al.
PAI-1 derived from cancer-associated fibroblasts in esophageal squamous cell
carcinoma promotes the invasion of cancer cells and the migration of macrophages.
Lab Invest. (2021) 101:353-68. doi: 10.1038/s41374-020-00512-2

37. Wang B, Gu B, Zhang T, Li X, Wang N, Ma C, et al. Good or bad: Paradox of
plasminogen activator inhibitor 1 (PAI-1) in digestive system tumors. Cancer Lett.
(2023) 559:216117. doi: 10.1016/j.canlet.2023.216117

38. Yang J-D, Ma L, Zhu Z. SERPINEI as a cancer-promoting gene in gastric
adenocarcinoma: facilitates tumour cell proliferation, migration, and invasion by
regulating EMT. ] Chemother. (2019) 31:408-18. doi: 10.1080/1120009X.2019.1687996

39. Woodward A, Faria GNF, Harrison RG. Annexin A5 as a targeting agent for
cancer treatment. Cancer Lett. (2022) 547:215857. doi: 10.1016/j.canlet.2022.215857

40. Hong Z, Wen P, Wang K, Wei X, Xie W, Rao S, et al. The macrophage-associated
prognostic gene ANXAS5 promotes immunotherapy resistance in gastric cancer
through angiogenesis. BMC Cancer. (2024) 24:141. doi: 10.1186/s12885-024-11878-7

41. Shulga YV, Topham MK, Epand RM. Regulation and functions of diacylglycerol
kinases. Chem Rev. (2011) 111:6186-208. doi: 10.1021/cr1004106

42. Cooke M, Kazanietz Mg. Overarching roles of diacylglycerol signaling in cancer
development and antitumor immunity. Sci Signaling. (2022) 15:eabo0264. doi: 10.1126/
scisignal.abo0264

43. Han 'Y, Zhang J, Pang Y, Wang Y, Zhang X, Zhang H. The role of Src homology
region 2 domain-containing phosphatase-1 hypermethylation in the classification of
patients with myelodysplastic syndromes and its association with signal transducer and
activator of transcription 3 phosphorylation in skm-1 cells. J Int Med Res. (2021)
49:300060521999550. doi: 10.1177/0300060521999550

44. Jiang J, Li W, Zhou L, Liu D, Wang Y, An J, et al. Platelet ITGA2B inhibits
caspase-8 and Rip3/MIkl-dependent platelet death though PTPN6 during sepsis.
iScience. (2023) 26:107414. doi: 10.1016/j.is¢i.2023.107414

45. Cui P, Lian J, Liu Y, Zhang D, Lin Y, Lu L, et al. Pan-cancer analysis of the
prognostic and immunological roles of SHP-1/ptpn6. Sci Rep. (2024) 14:23083.
doi: 10.1038/541598-024-74037-9

46. Nicolaes GAF, Dahlbiack B. Factor V and thrombotic disease: description of a
janus-faced protein. Arterioscler Thromb Vasc Biol. (2002) 22:530-8. doi: 10.1161/
01.atv.0000012665.51263.b7

47. Tinholt M, Garred @, Borgen E, Beraki E, Schlichting E, Kristensen V, et al.
Subtype-specific clinical and prognostic relevance of tumor-expressed F5 and
regulatory F5 variants in breast cancer: the CoCaV study. ] Thromb Haemost. (2018)
16:1347-56. doi: 10.1111/jth.14151

Frontiers in Immunology

106

10.3389/fimmu.2024.1477427

48. Yoshida K, Yoshitomo-Nakagawa K, Seki N, Sasaki M, Sugano S. Cloning,
expression analysis, and chromosomal localization of BH-protocadherin (PCDH?7), a
novel member of the cadherin superfamily. Genomics. (1998) 49:458-61. doi: 10.1006/
£en0.1998.5271

49. Chen H-F, Ma R-R, He J-Y, Zhang H, Liu X-L, Guo X-Y, et al. Protocadherin 7
inhibits cell migration and invasion through E-cadherin in gastric cancer. Tumour Biol.
(2017) 39:1010428317697551. doi: 10.1177/1010428317697551

50. Alarabi AB, Karim ZA, Hinojos V, Lozano PA, Hernandez KR, Ramirez JEM,
et al. The G-protein By subunits regulate platelet function. Life Sci. (2020) 262:118481.
doi: 10.1016/.1fs.2020.118481

51. Jiang M-M, Zhao F, Lou T-T. Assessment of significant pathway signaling and
prognostic value of GNGI1 in ovarian serous cystadenocarcinoma. Int ] Gen Med.
(2021) 14:2329-41. doi: 10.2147/]JGM.S314911

52. Jones WL, Ramos CR, Banerjee A, Moore EE, Hansen KC, Coleman JR, et al.
elevated in trauma patients, inhibits platelet activation and decreases clot strength.
Platelets. (2022) 33:1119-31. doi: 10.1080/09537104.2022.2078488

53. Chong P-K, Lee H, Zhou J, Liu S-C, Loh MCS, So JBY, et al. Reduced plasma
APOAL level is associated with gastric tumor growth in MKN45 mouse xenograft
model. ] Proteomics. (2010) 73:1632-40. doi: 10.1016/j.jprot.2010.04.005

54. Brandsma ME, Jevnikar AM, Ma S. Recombinant human transferrin: beyond
iron binding and transport. Biotechnol Adv. (2011) 29:230-8. doi: 10.1016/
j.bioteChadv.2010.11.007

55. Morales M, Xue X. Targeting iron metabolism in cancer therapy. Theranostics.
(2021) 11:8412-29. doi: 10.7150/thno.59092

56. Zhou Y, Zhang D, Tan P, Xian B, Jiang H, Wu Q, et al. Mechanism of platelet
activation and potential therapeutic effects of natural drugs. Phytomedicine. (2023)
108:154463. doi: 10.1016/j.phymed.2022.154463

57. Cui C, Merritt R, Fu L, Pan Z. Targeting calcium signaling in cancer therapy,
Acta Pharm Sin B. (2017) 7:3-17. doi: 10.1016/j.apsb.2016.11.001

58. Smolenski A. Novel roles of cAMP/cGMP-dependent signaling in platelets. |
Thromb Haemost. (2012) 10:167-76. doi: 10.1111/§.1538-7836.2011.04576.x

59. Fajardo AM, Piazza GA, Tinsley HN. The role of cyclic nucleotide signaling
pathways in cancer: targets for prevention and treatment. Cancers (Basel). (2014)
6:436-58. doi: 10.3390/cancers6010436

60. Leiva O, Leon C, Kah Ng S, Mangin P, Gachet C, Ravid K. The role of
extracellular matrix stiffness in megakaryocyte and platelet development and
function. Am ] Hematol. (2018) 93:430-41. doi: 10.1002/ajh.25008

61. Bao Y, Wang L, Shi L, Yun F, Liu X, Chen Y, et al. Transcriptome profiling
revealed multiple genes and ECM-receptor interaction pathways that may be associated
with breast cancer. Cell Mol Biol Lett. (2019) 24:38. doi: 10.1186/s11658-019-0162-0

62. Yan P, He Y, Xie K, Kong S, Zhao W. In silico analyses for potential key genes
associated with gastric cancer. Peer]. (2018) 6:¢6092. doi: 10.7717/peerj.6092

63. Nakamura K, Smyth MJ. Myeloid immunosuppression and immune checkpoints
in the tumor microenvironment. Cell Mol Immunol. (2020) 17:1-12. doi: 10.1038/
541423-019-0306-1

64. Li W, Zhang X, Wu F, Zhou Y, Bao Z, Li H, et al. Gastric cancer-derived
mesenchymal stromal cells trigger M2 macrophage polarization that promotes
metastasis and EMT in gastric cancer. Cell Death Dis. (2019) 10:918. doi: 10.1038/
541419-019-2131-y

65. Hu X, Ma Z, Xu B, Li S, Yao Z, Liang B, et al. Glutamine metabolic
microenvironment drives M2 macrophage polarization to mediate trastuzumab
resistance in HER2-positive gastric cancer. Cancer Commun (Lond). (2023) 43:909-
37. doi: 10.1002/cac2.12459

66. Vasan N, Baselga J, Hyman DM. A view on drug resistance in cancer. Nature.
(2019) 575:299-309. doi: 10.1038/541586-019-1730-1

67. Li Y, Chu Y, Song R, Xu F. Thalidomide combined with chemotherapy in
treating elderly patients with advanced gastric cancer. Aging Clin Exp Res. (2018)
30:499-505. doi: 10.1007/s40520-017-0790-z

68. Krop I, Demuth T, Guthrie T, Wen PY, Mason WP, Chinnaiyan P, et al. Phase I
pharmacologic and pharmacodynamic study of the gamma secretase (Notch) inhibitor
MK-0752 in adult patients with advanced solid tumors. J Clin Oncol. (2012) 30:2307-
13. doi: 10.1200/JCO.2011.39.1540

69. Piha-Paul SA, Munster PN, Hollebecque A, Argilés G, Dajani O, Cheng JD, et al.
Results of a phase 1 trial combining ridaforolimus and MK-0752 in patients with
advanced solid tumours. Eur ] Cancer. (2015) 51:1865-73. doi: 10.1016/
j.€jca.2015.06.115

frontiersin.org


https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1016/j.immuni.2013.10.003
https://doi.org/10.1007/s10120-017-0770-1
https://doi.org/10.1007/s10120-017-0770-1
https://doi.org/10.1038/nm.3850
https://doi.org/10.1038/nrc3004
https://doi.org/10.1158/0008-5472.CAN-20-3222
https://doi.org/10.1158/0008-5472.CAN-20-3222
https://doi.org/10.3390/jcm11051213
https://doi.org/10.1038/s41598-021-97871-7
https://doi.org/10.1158/1541-7786.MCR-18-0836
https://doi.org/10.1038/s41374-020-00512-2
https://doi.org/10.1016/j.canlet.2023.216117
https://doi.org/10.1080/1120009X.2019.1687996
https://doi.org/10.1016/j.canlet.2022.215857
https://doi.org/10.1186/s12885-024-11878-7
https://doi.org/10.1021/cr1004106
https://doi.org/10.1126/scisignal.abo0264
https://doi.org/10.1126/scisignal.abo0264
https://doi.org/10.1177/0300060521999550
https://doi.org/10.1016/j.isci.2023.107414
https://doi.org/10.1038/s41598-024-74037-9
https://doi.org/10.1161/01.atv.0000012665.51263.b7
https://doi.org/10.1161/01.atv.0000012665.51263.b7
https://doi.org/10.1111/jth.14151
https://doi.org/10.1006/geno.1998.5271
https://doi.org/10.1006/geno.1998.5271
https://doi.org/10.1177/1010428317697551
https://doi.org/10.1016/j.lfs.2020.118481
https://doi.org/10.2147/IJGM.S314911
https://doi.org/10.1080/09537104.2022.2078488
https://doi.org/10.1016/j.jprot.2010.04.005
https://doi.org/10.1016/j.bioteChadv.2010.11.007
https://doi.org/10.1016/j.bioteChadv.2010.11.007
https://doi.org/10.7150/thno.59092
https://doi.org/10.1016/j.phymed.2022.154463
https://doi.org/10.1016/j.apsb.2016.11.001
https://doi.org/10.1111/j.1538-7836.2011.04576.x
https://doi.org/10.3390/cancers6010436
https://doi.org/10.1002/ajh.25008
https://doi.org/10.1186/s11658-019-0162-0
https://doi.org/10.7717/peerj.6092
https://doi.org/10.1038/s41423-019-0306-1
https://doi.org/10.1038/s41423-019-0306-1
https://doi.org/10.1038/s41419-019-2131-y
https://doi.org/10.1038/s41419-019-2131-y
https://doi.org/10.1002/cac2.12459
https://doi.org/10.1038/s41586-019-1730-1
https://doi.org/10.1007/s40520-017-0790-z
https://doi.org/10.1200/JCO.2011.39.1540
https://doi.org/10.1016/j.ejca.2015.06.115
https://doi.org/10.1016/j.ejca.2015.06.115
https://doi.org/10.3389/fimmu.2024.1477427
https://www.frontiersin.org/journals/immunology
https://www.frontiersin.org

:' frontiers ‘ Frontiers in Oncology

@ Check for updates

OPEN ACCESS

Dalila Luciola Zanette,
Oswaldo Cruz Foundation (Fiocruz), Brazil

Haigang Wu,

Henan University, China
Kulbhushan Thakur,
University of Delhi, India

Geert Vandeweyer
geert.vandeweyer@uza.be

28 March 2024
29 November 2024
16 December 2024

Terrones M, Op de Beeck K, Van Camp G,
Vandeweyer G and Mateiu L (2024)
Transcriptomic analysis of ROS1+ non-small
cell lung cancer reveals an upregulation of
nucleotide synthesis and cell

adhesion pathways.

Front. Oncol. 14:1408697.

doi: 10.3389/fonc.2024.1408697

© 2024 Terrones, Op de Beeck, Van Camp,
Vandeweyer and Mateiju. This is an open-
access article distributed under the terms of
the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction
in other forums is permitted, provided the
original author(s) and the copyright owner(s)
are credited and that the original publication
in this journal is cited, in accordance with
accepted academic practice. No use,
distribution or reproduction is permitted
which does not comply with these terms.

Frontiers in Oncology

Original Research
16 December 2024
10.3389/fonc.2024.1408697

Transcriptomic analysis of ROS1+
non-small cell lung cancer
reveals an upregulation of
nucleotide synthesis and cell
adhesion pathways

Marc Terrones™?, Ken Op de Beeck'?, Guy Van Camp™?,
Geert Vandeweyer™ and Ligia Mateiu*

‘Center of Medical Genetics, University of Antwerp and Antwerp University Hospital,
Edegem, Belgium, ?Center for Oncological Research, University of Antwerp and Antwerp University
Hospital, Wilrijk, Belgium

Introduction: The transcriptomic characteristics of ROS1+ non-small cell lung
cancer (NSCLC) represent a crucial aspect of its tumor biology. These features
provide valuable insights into key dysregulated pathways, potentially leading to
the discovery of novel targetable alterations or biomarkers.

Methods: From The Cancer Genome Atlas (TCGA) and the Gene Expression
Omnibus (GEO) databases, all available ROS1+ (n = 10), ALK+ (n = 5) and RET+
(n = 5) NSCLC tumor and ROSI+ cell line (n = 7) RNA-sequencing files were
collected. In addition, 10 healthy lung RNA-seq samples were included.
Differential gene expression with DESeq?2 (R package) and gene co-expression
(WGCNA, R package) analyses were performed. Functional annotation was
performed through Gene Set Enrichment Analysis (GSEA) using Webgestalt and
RNAseqChef, Over-Representation Analysis (ORA) through Enrichr. iRegulon was
used to identify enriched transcription factors that regulate a gene co-
expression module.

Results: ROS1+ NSCLC samples were significantly enriched for the nucleotide
synthesis and cell adhesion KEGG pathways compared to ALK+ and RET+
samples. Moreover, NOTCH1 was significantly downregulated in ROSI+
NSCLC and PD-L1 was weakly expressed. When comparing ROSI+ tumor
versus cell line transcriptomes, an upregulation of MYC and MET was found in
cell lines together with a significantly decreased expression of HER3, HER4 and
BRAF. Within ROS1-tumors, GJB2 was overexpressed in the CD74- and CLTC-
ROS1+ subgroups. The differential expression of IL2Z0RB and GJBZ2 in cell lines
was confirmed through RT-gPCR. Finally, the gene co-expression analysis
unveils a gene cluster involving cell cycle-related genes which significantly
correlates with the disease stage of patients. In addition, we propose TFDP1
and /SL1 as key ROS1-specific transcription factors.
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Conclusion: This study highlights cell adhesion and nucleotide synthesis as
crucial signatures in ROSI+ NSCLC. The upregulation of GJB2 may serve as a
prognostic biomarker, along with IL20RB, a known mediator of bone metastases.
Furthermore, TDFP1 and ISL1 were identified as relevant transcription factors that
could potentially regulate the biological processes in ROSI-rearranged NSCLC.

ROS1+ NSCLC, RNA-sequencing, gene co-expression, nucleotide synthesis, cell
adhesion, prognostic biomarker

1 Introduction

ROSI+ non-small cell lung cancer (NSCLC) is a molecular
subgroup of malignancies which account for approximately 2% of
newly diagnosed lung cancer cases every year (1, 2). Chromosomal
rearrangements that involve the 6q22 locus harboring ROSI result
in the formation of oncogenic fusion proteins. Thus, ROS1+ NSCLC
belongs to the category of oncogene-addicted tumors like ALK+,
RET+ and NTRK+ NSCLC, among others (3, 4). The
overexpression of a constitutively activated tyrosine kinase-
containing fusion protein promotes cell growth, proliferation and
migration through the stimulation of the MAPK, PI3K/mTOR and
JAK/STAT signaling pathways (1). Oncogene-addicted lung
adenocarcinomas are predominantly diagnosed in young, non-
smoker patients. They present a low tumor mutational burden
(TMB) and show a poor response towards immune checkpoint
inhibitors (5). Concerning the treatment of ROSI+ NSCLC, tyrosine
kinase inhibitors (TKIs) are the most effective targeted therapies in
first line. However, resistance is observed in the majority of patients
after a certain period of treatment, caused by intrinsic (e.g. kinase
point mutations that prevent inhibitor binding) or extrinsic
resistance mechanisms, such as histological transformation (e.g.
to small cell lung cancer) or the activation of bypass signaling
cascades such as EGFR or ¢-MET (6-9). Although last-generation
TKIs such as repotrectinib and the investigational NVL-520 have
shown potent activity against the aggressive ROS1 kinase domain
point mutations like G2032R (10, 11), heavily pre-treated patients
presenting either extrinsic resistance or brain, bone or liver
metastases represent a clinical challenge. Unless other targetable
alterations are present driving resistance, patients in this setting rely
on chemotherapy-based regimes, with a limited benefit (12). In
addition, a remarkable heterogeneity in disease outcomes and
metastatic patterns is typically observed among patients,
highlighting the need for a deeper understanding of the ROSI+
NSCLC tumor biology (13, 14).

Intriguingly, the biological processes defining ROSI+ NSCLC
beyond the tyrosine kinase-mediated signaling remain largely
underexplored. This pathway canonically induces the neoplastic
transformation of alveolar type II cells. However, the dysregulation
of molecular processes not directly orchestrated by the ROS1
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signaling requires further elucidation. It is known that ROSI
rearrangements, due to their pro-tumorigenic role, are mainly
mutually exclusive with alterations affecting homologous kinases
such as ALK, RET and NTRK. Despite converging in the same
cellular signaling axes, each oncogenic fusion type results in different
disease trajectories. For instance, ALK+ and RET+ NSCLC patients
are at higher risk of developing brain metastases compared to ROSI+
NSCLC during treatment (15). Moreover, the presence of additional
mutations that might explain the tumor evolution, such as tumor-
suppressor inactivating variants or copy number gains of oncogenes,
has not been fully characterized within the ROSI+ NSCLC setting.
Although keystone findings in the initiation and evolution of lung
adenocarcinoma have been recently published, little attention is paid
to ROSI-driven tumors (16). This can be explained by the low
prevalence of ROSI rearrangements across NSCLC patients; which
restricts the access to the substantial amount of tumor specimens
required to conduct solid studies.

The culprits behind the heterogeneous disease outcomes, poor
response to immune checkpoint inhibitors and metastases
development of ROSI+ NSCLC have not been highlighted yet.
Nevertheless, developmental signaling pathways such as the
Notch and the Sonic Hedgehog (Shh) pathways are widely known
to be aberrantly activated in NSCLC, and co-exist with driver
oncogene mutations (17-21). Importantly, Notch signaling
orchestrates the epithelial-to-mesenchymal transition (EMT) of
NSCLC cells, a critical process at the initial phase of metastasis
and drug resistance (22). On top of that, non-canonical oncogenic
signaling pathways have lately drawn the attention to the lung
cancer field, as exemplified by the SPP1 (osteopontin/
phosphoprotein 1) pathway (23). A study by Liu et al. unveiled
through single cell RNA-sequencing the pro-tumorigenic role of
GJB2 in LUAD (24). This gene encodes the gap junction beta-2
protein belonging to the connexin family, which was described to
modulate intercellular communication and extracellular matrix
remodeling. Hence, assessing the expression levels of genes
involved in the Notch and Shh pathways together with GJB2 will
shed light on the ROSI+ NSCLC pathomechanisms.

Some specific insights into ROSI+ tumor evolution were provided
in a recent study by Neel et al., demonstrating that the subcellular
localization determined by the ROSI fusion partner gene modulates
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the downstream signaling pathway that will be activated (25). This
phenomenon will likely be reflected at a gene expression level. Besides
contrasting these findings using publicly available data, in this study
we hypothesized that ROSI+ NSCLC is defined by specific
transcriptomic signatures compared to other oncogene-driven
tumors like ALK+ or RET+ lung adenocarcinomas. In parallel to the
deeper exploration of the biology of ROSI+ NSCLC, the second goal of
this exploratory analysis consists in identifying candidate genes whose
dysregulated expression in a ROSI+-specific manner might be
considered as novel therapeutic targets or biomarkers.

2 Methods
2.1 Obtaining gene expression data

Gene expression RNA-seq data files were obtained from
publicly available databases Gene Expression Omnibus (GEO)
(fastq) and The Cancer Genome Atlas (TCGA) (raw gene counts)
after selecting for ROSI-fusion containing lung cancer RNA-seq
samples. The raw read counts for GEO samples were acquired
adhering to the specifications outlined in the published GDC
mRNA quantification analysis pipeline, which was also utilized
for TCGA samples (GRCh38.d1.vd1_gencode.v36 GDC reference
genome, STAR 2.7.5¢).

2.2 Patient-derived cell lines

HCC-78 cells were obtained from the German Collection of
Microorganisms and Cell Cultures GmbH (DSMZ, Germany).
CUTO-28, CUTO-37, CUTO-38 and CUTO-27 were kindly
provided by Prof. Dr. Robert C. Doebele (Division of Medical
Oncology, University of Colorado School of Medicine, Anschutz
Medical Campus). Cells were cultured in RPMI 1640 medium
supplemented with 10% fetal bovine serum (FBS) and L-
glutamine 1% v/v; at 37°C, 5% CO, in a humidified incubator.

2.3 RT-qPCR

To validate the chosen significant differentially expressed genes
(DEGsS), 2 ug of total RNA extracted with QIAgen RNeasy RNA
isolation kit was employed to synthesize the complementary DNA
(cDNA) using the SuperScriptTM III First-Strand Synthesis kit
(Thermo Fisher, cat. # 18080051). The following primers were
designed to assess the expression levels of the genes (5=23’): GJB2
(FWD: TGGTGGACCTACACAAGCA, REV: TGGAGAAGCCGT
CGTACAT), IL20RB (FWD: CTGAAGGTCCTGAGTGTGATG,
REV: GAGGTCTGTGAGCCCAATG), GAPDH (FWD:
TGCACCACCAACTGCTTAGC, REV:

GGCATGGACTGTGGTCATGAG), HPRT1 (FWD:
TGACACTGGCAAAACAATGCA, REV:

GGTCCTTTTCACCAGCAAGCT) and YWHAZ (FWD:
CGAAGCTGAAGCAGGAGAAG, REV: TTTGTGGG
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ACAGCATGGATG). The quantitative PCR was performed using
the SYBR Green Master Mix 2x (Eurogentec, cat. # RT-SN2X-03+)
in a Bio-Rad CFX96 real-time PCR system. Data was analyzed with
the Bio-Rad CFX Maestro software (Bio-Rad v2.3) and gbasePLUS
(Biogazelle). Gene expression levels are reported as calibrated and
normalized relative quantities (CNRQ) * standard error (SE)
obtained from the gene normalization considering GAPDH,
HPRTI and YWHAZ as reference target genes.

2.4 Statistical methods

2.4.1 Differential gene expression

The read counts associated with protein coding genes from all
samples were consolidated into a matrix, serving as input for the
DESeq2, R package (26). Gene counts related to Y chromosome,
mitochondrial, and ribosomal RNA were excluded from subsequent
analysis. In the differential gene expression analysis, the batch effect
correction was applied using the removeBatchEffect function from
the limma R package (27). Multiple contrasts were defined to assess
differential expression across various groups within the study
(Supplementary File 1). In each comparison, genes with a p-value
less than 0.05, following multiple testing correction using the
Benjamini-Hochberg (BH) method, were considered to be
statistically significant and thus identified as differentially
expressed. The cut-offs for the BH method include log,(fold
change) = |2| and false-discovery rate (FDR) < 0.05. The
clustering of the cell line samples was performed through the K-
means method. K=7 was chosen given that 7 different cell lines were
analyzed and the three biological replicates of each sample clustered
together, as verified upon the DESeq2 analysis. Correlation between
ROS1 expression and oncogenes of interest across ROSI+ tumor
samples was calculated using the Spearman rank method in
RNAseqChef (28). Regarding the RT-qPCR experiments,
technical triplicates were used per each reaction and every RT-
qPCR was performed twice. Differences in GJB2 and IL20RB
expression between cell lines were assessed using 1-way ANOVA,
a Bonferroni correction for multiple comparisons and ¢=0.05 in
GraphPad Prism v9.

2.4.2 Gene co-expression

The investigation of dysregulated genes involved the utilization
of Weighted Gene Co-expression Network Analysis (WGCNA, R
package) to identify co-expressed modules (i.e. clusters of genes
exhibiting similar expression patterns across samples) and hub
genes (i.e. genes playing a central and highly connected role
within a co-expression module) (29). It is based on the
assumption that highly correlated genes within a module (cluster)
are involved in common biological processes. For this analysis, we
selected the 70% most variable genes from the gene expression data,
after filtering, normalization and batch correction. Then, a signed
correlation matrix was created by calculating the biweight
midcorrelation (a robust alternative to the Pearson correlation)
across all gene pairs. This adjacency matrix was obtained using a
soft threshold power of 8 to establish a scale-free topology. The
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topological overlap measure (TOM) was then computed for all
genes, considering both direct pairwise correlations and shared
correlations with other genes. Unsupervised clustering of genes in
the hierarchical cluster tree, based on a dissimilarity threshold of 1-
TOM, resulted in the formation of gene modules. In this study, the
minimum module size was defined as 100 genes, and the module-
merging cut height was set at 0.3.

2.4.3 Functional annotation

The functional characterization of the differentially expressed
genes was carried out through different methods. RNAseqChef was
used to perform a gene set enrichment analysis (GSEA) and over-
representation analysis (ORA) together with Webgestalt and
Enrichr (30, 31).

2.4.4 Kaplan-Meier survival curves

Survival data obtained from the lung adenocarcinoma (LUAD)
cohort available at TCGA database was plotted with GEPIA2 (32).
All the subtypes were included in the cohort: proximal
inflammatory (PI), proximal proliferative (PP) and terminal
respiratory unit (TRU).

3 Results
3.1 Patient characteristics

With regard to the ROSI+ patient characteristics shown in
Table 1, among samples gathered in this study (n=10), the median
age at diagnosis was 63 years-old and both sexes are represented in a
balanced manner, with 50% males and 50% females respectively.
Diverse ethnicities are also present in the study, with 50% of
Caucasian (5/10), 33% of Asian (3/10) and 10% of African-
American (1/10) descent. Concerning disease stage, half of the
sequenced samples were categorized as a IIB (5/10), followed by
stage IITA and IB in equal proportions each (2/10) and only one
sample (1%) was collected at stage IV (1/10). Finally, previous
treatment received by the patients was not reported for all samples.
Within the available annotations, chemotherapy alone or in
combination with radiotherapy or immunotherapy was the most
common approach (3/10). Only one patient received radiation,
immuno- and chemotherapy previously.

3.2 Nucleotide synthesis and cell adhesion
pathways are enriched signatures in ROS1
+ NSCLC

To begin with, we sought to confirm the overexpression of the
rearranged tyrosine kinase in each of the three tumor types under
investigation (Figure 1A). While oncogene overexpression was
evident across all subtypes, statistical significance was achieved in
the following comparisons: ALK+ vs ROSI+ tumors (p < 0.001),
RET+ vs ROSI1+ (p < 0.001), ROSI+ vs RET+ tumors (p = 0.01), and
ROS1+ vs normal lung tissue (p < 0.001).
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Next, in an effort to profile a ROSI+ specific expression
signature, transcriptomes of ROSI+ tumor samples and ROSI+
patient-derived cell lines were compared to normal lung tissue or
ALK/RET+ NSCLC specimens. The number of overlapping
significant differentially expressed genes in both contrasts are
shown in Figure 1B. 118 genes were differentially expressed in
ROSI+ compared to both normal tissue and non-ROSI+ NSCLC.
805 genes were found to be specifically and significantly
dysregulated in ROSI+ samples compared to normal lung tissue.
In addition, 169 specifically and significantly differentially expressed
genes (DEGs) were obtained from the comparison between ROS!I
and ALK/RET-driven tumors. We then proceeded with an over-
representation analysis (ORA) for the 118 ROSI+ specific DEGs to
determine which biological functions were enriched in ROSI-
rearranged tumors and cell lines based on the overlapping 118
gene group. The top 10 enriched categories and the log2(fold
change) of the genes associated with each biological function are
illustrated in Figure 1C. Firstly, metabolic processes related to
nucleotide synthesis, such as the response to purine-containing
compound, amine or pyridine-containing metabolic process and
the response to organophosphorus, were the most enriched. The
ROS1-specific overexpression of NMINAT2, an enzyme involved in
nicotinamide adenine dinucleotide (NAD) synthesis, and ISLI, a
crucial transcription factor regulating glycolysis and tumorigenesis,
highlight the metabolic dependencies of ROSI+ tumor specimens
and cell lines. Moreover, several significantly overexpressed genes,
including IL20RB, were associated with the positive regulation of
cytokine production. Considering the role of IL20RB in promoting
bone metastasis in lung adenocarcinoma (33), we selected this gene
for further validation. RT-qPCR was performed to confirm the
expression of IL20RB in cell lines, as shown in Figure 1D.
Furthermore, the analysis revealed an overrepresentation of
biological processes related to cell adhesion, including integrin
activation (characterized by RASIPI overexpression), homotypic
cell-cell interaction, and receptor-mediated endocytosis.

To obtain a more comprehensive understanding of the gene
expression landscape, we explored the primary differences between
ROSI+ NSCLC samples and cell lines compared to normal lung
tissue. This approach aimed to highlight the crucial pathways that
may contribute to the malignant transformation process in this
specific tumor subtype. For this purpose, we carried out an over-
representation analysis (ORA). As shown in Figure 1E, the MAPK
signaling pathway (Gene ratio = 1.78, p = 0.4) and the focal adhesion
KEGG pathways (GR = 2.31, p = 0.15) contained the highest amount
of the significant DEGs. In addition, the choline metabolism in cancer
(GR = 3.2, p = 0.15), the neurotrophin signaling pathway (GR = 2.56,
p = 0.24) and the Vibrio cholerae infection were also over-represented
categories (GR = 3.97, p = 0.18). To complement the initial findings,
we expanded the GSEA-based analysis to identify significantly
upregulated or downregulated pathways in ROSI+ lung
adenocarcinomas and cell lines in comparison to ALK/RET+ tumor
samples (Figure 1F). Interestingly, the analysis revealed an
upregulation of gene sets associated with the cell cycle and
homologous recombination, accompanied by a downregulation of
gene sets related to tyrosine and beta-alanine metabolism, lysosome
function, and the chemokine signaling pathway (all p-values < 2¢'°).
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TABLE 1 Characteristics of the samples retrieved from GEO and TCGA.

10.3389/fonc.2024.1408697

GEO Sequenced Oncogenic Ethnicity = Disease Previous
Number material fusion stage treatment
S39 GSM993681 Tumor + normal CD74-ROS1 58 Asian 1IB n/a
S9 GSM993651 Tumor + normal CCDC6-ROS1 69 Asian 1IB n/a
548 GSM993690 Tumor + normal SLC34A2-ROS1 48 F Asian 1B n/a
TCGA-64- n/a Tumor CD74-ROS1 63 M Caucasian v RT
1680-01
TCGA-86- n/a Tumor CD74-ROS1 63 F Caucasian 1IB RT, CT and TKI
8278-01
TCGA-44- n/a Tumor CLTC-ROS1 55 F Caucasian 1IB CT and IT
2665-01
TCGA-55- n/a Tumor EZR-ROS1 74 F Caucasian 1B None
6986-01
TCGA-NJ- n/a Tumor EZR-ROS1 49 M African IITA CT
A7XG-01 American
TCGA-05- n/a Tumor SLC34A2-ROSI 71 M n/a 1B n/a
4426-01
TCGA-62- n/a Tumor SLC34A2-ROS1 70 F Caucasian IIIA RT and CT
A46Y-01
S26 GSM993668 Tumor + normal EMIL4-ALK 70 F Asian 1B n/a
TCGA-50- n/a Tumor EML4-ALK 74 M Caucasian 1A RT
8460-01
TCGA-67- n/a Tumor EML4-ALK 52 F Caucasian 1B CT
6215-01
TCGA-78- n/a Tumor EML4-ALK 60 M Caucasian n/a n/a
7163-01
TCGA-86- n/a Tumor EML4-ALK 59 F Caucasian n/a n/a
A4P8-01
S2 GSM993645 Tumor + normal KIF5B-RET 62 Asian IITA n/a
S6 GSM993649 Normal KIF5B-RET 58 Asian 1A n/a
S42 GSM993684 Normal KIF5B-RET 62 F Asian I1IB n/a
TCGA-75- n/a Tumor CCDC6-RET n/a F n/a IITA n/a
6203-01
TCGA-55- n/a Tumor TRIM33-RET n/a n/a n/a IA n/a
6543-01
TCGA-55- n/a Normal - 58 F Caucasian n/a n/a
8616-11A
TCGA-50- n/a Normal - 75 F Caucasian n/a n/a
5931-11A
TCGA-55- n/a Normal - n/a M Caucasian n/a n/a
1592-11A
TCGA-55- n/a Normal - 61 M Caucasian n/a n/a
6968-11A
TCGA-38- n/a Normal - 42 M African n/a n/a
4632-11A American
CUTO23 GSM7675355-57 Cell line CD74-ROS1 n/a n/a n/a n/a n/a
CUTO27 GSM7675361-63 Cell line CD74-ROS1 n/a n/a n/a n/a n/a
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TABLE 1 Continued

Sample GEO Sequenced Oncogenic Age Sex Ethnicity Disease Previous
Number material fusion stage treatment
CUTO28 GSM7675367-69 Cell line TPM3-ROS1 n/a n/a n/a n/a n/a
CUTO33 GSM7675373-75 Cell line CD74-ROS1 n/a n/a n/a n/a n/a
CUTO37 GSM7675379-81 Cell line CD74-ROS1 n/a n/a n/a n/a n/a
CUTO38 GSM7675386-88 Cell line CD74-ROS1 n/a n/a n/a n/a n/a
HCC78 GSM7675391-93 Cell line SLC34A2-ROSI 65 M n/a n/a n/a

M, male; F, female; RT, radiotherapy; CT, chemotherapy; TKI, tyrosine kinase inhibitor; n/a, not available.

3.3 Inflammation-related pathways
differentiate ROS1+ from ALK+ and RET
+ NSCLC

Whole tumor transcriptome analysis enables accurate profiling of
both the tumor cells and the stromal compartment, which comprise a
heterogeneous population of cells that work together to enhance the
fitness of the tumor cells. Therefore, directly comparing ROSI+ lung
adenocarcinomas with ALK+ or RET+ tumors, while excluding cell
lines, provides further insights into the tumor microenvironment.
Figure 2A shows the heatmap resulting from clustering ROSI+ and
ALK+ tumor transcriptomes based on the significant DEGs between
the two groups. Samples clustered together according to their driver
mutation, indicating an oncogene-dependent modulation of the gene
expression profile. Subsequent GSEA revealed a significant
upregulation of the interleukin-17 signaling pathway, the ribosome
signature and the systemic lupus erythematosus KEGG pathways in
ROSI+ tumors compared to ALK+ specimens (Figure 2B). In
addition, downregulation of the cGMP-PKG signaling pathway, the
aldosterone synthesis and secretion signature together with primary
immunodeficiency and vascular smooth muscle contraction gene sets
was observed in ROSI+ vs ALK+ tumors. Thus, both up and
downregulated gene sets implicate differences concerning
inflammatory and protein synthesis pathways. Similarly, ROSI+
and RET+ specimens were collated, revealing a mixed clustering
pattern (Figure 2C). In this case, three out of the four RET+ samples
grouped together whilst one shared higher similarity with ROSI+
samples. GSEA unveiled significant upregulation of immune
response, hematopoietic cell lineage, cell adhesion and cholesterol
metabolism pathways in ROSI-rearranged tumors. Interestingly, no
significantly upregulated gene sets were observed in RET+
specimens (Figure 2D).

We explored the impact of the Notch signaling pathway within
ROS1+ NSCLC, as it is known to exert a pro-tumorigenic role in
NSCLC (Figure 2E). Although no genes regulated through the
Notch signaling pathway were significantly dysregulated, we
found that NOTCHI expression decreased significantly in ROSI+
tumor samples compared to RET+ specimens (p=0.04). With regard
to the other members of the NOTCH gene family, NOTCH2 and
NOTCHS3 reflected similar expression trends across tumor types.
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Interestingly, NOTCH4 exhibited a modest expression in ROSI+
tumors compared to ALK+ and RET+ specimens, although the
difference did not reach statistical significance. Considering the role
of the Notch pathway in promoting epithelial-to-mesenchymal
transition (EMT), we conducted a comprehensive analysis to
explore the association between NOTCHI expression and the
metastatic characteristics of lung adenocarcinoma (LUAD)
patients across multiple studies. As illustrated in Supplementary
Figure 3A, the group exhibiting low NOTCHI expression levels
comprised a significantly higher proportion of individuals with
TNM stage MO (p=0.0021), suggesting an absence of metastatic
activity in the tumor. To extend our understanding of the patterns
of metastatic progression, we retrieved the clinical details of ROS1+,
ALK+ and RET+ NSCLC patients from the “Metastatic NSCLC
study” by Jee et al. (34). Supplementary Figure 3B shows that ROSI
+ NSCLC patients presented lower rates of extrathoracic metastases,
being the central nervous system (CNS) and liver the most common
sites. Contrarily, ALK+ and RET+ NSCLC patients were diagnosed
with bone and soft tissue metastatic lesions as well as CNS and liver.
Thus, higher NOTCHI expression in RET+ specimens might be
related to the EMT-promoting effect and enhanced metastatic
disease in RET+ NSCLC patients.

In addition, changes in expression of canonical tumor-suppressor
genes such as BRCAI, BRCA2 and TP53 as well as oncogenes like
BRAF, EGFR, KRAS, MET and MYC were assessed (Figure 2F). No
significant differences were observed between the various tumor types,
suggesting that the expression of these genes is not dependent on the
specific rearrangement. Furthermore, we investigated the expression
levels of CD274, a gene that encodes the programmed death-ligand 1
(PD-L1), a cell surface protein expressed by neoplastic cells that
interacts with its receptor, programmed cell death protein 1 (PD-1).
The latter is present in activated T, natural killer (NK) and B
lymphocytes, macrophages, dendritic cells (DCs) and monocytes.
The interaction between PD-1 and PD-LI leads to the suppression
of cellular immunity against tumor cells. Across the three tumor types,
a relatively low level of normalized CD274 counts was observed, with
no significant differences detected. This finding supports the
classification of ROSI+, ALK+, and RET+ NSCLC as “cold tumors,”
which is consistent with the modest benefit of immunotherapy
observed in these patient subsets (35, 36).
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ROS1+ NSCLC signature. (A) Gene expression levels of the oncogenic kinases in ALK+, RET+, ROS1+ tumors and normal lung tissue. (B) Venn
diagram reflecting the significant differentially expressed genes (DEGs) between two comparisons: (1) ROSI+ tumor specimens and cell lines versus
normal lung tissue and (2) ROS1+ tumor specimens and cell lines versus ALK+ and RET+ tumor samples. (C) Circos plot reflecting the top 10
enriched biological processes in ROS1+ NSCLC. (D) IL20RB mRNA levels in HCC-78, CUTO-28 and CUTO-37 cell lines expressed as calibrated and
normalized relative mRNA quantity (CNRQ) + SEM. A 1-way ANOVA test was performed considering a Bonferroni correction and a chosen o = 0.05.
(E) Over-representation analysis (ORA) depicting the key enriched pathways in ROS1+ tumor samples and cell lines versus normal lung tissue.

(F) GSEA summarizing the dysregulated KEGG pathways in ROS1+ NSCLC compared to normal lung tissue and ALK+/RET+ tumor specimens.

3.4 Differences between ROS1+ specimens
and tumor-derived cell lines comprise cell
cycle, DNA repair and

inflammation pathways

cell lines cluster separately from ROSI+ NSCLC tumor samples. This
remarkable difference is reflected by the 6,803 significantly DEGs.
Interestingly, the HCC-78 cell line gene expression pattern clustered
between the one of CUTO-23 and CUTO-38 cell lines, indicating that

HCC-78 cells share common transcriptomic traits with CUTO cell

Given that both ROSI+ NSCLC tumor specimens and ROSI+
patient-derived cell lines were used in this study, evaluating the key
transcriptomic differences between tumor and cell line samples is
particularly important. As shown in Figure 3A, CUTO and HCC-78
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lines. Among the significant DEGs shown in in Figure 3B, tumor
specimens overexpressed genes like MUCS5B, encoding for the
glycoprotein mucin, AEBPI (AE binding protein 1), SPARCLI
(SPARC-like protein 1), RBXI (ring box-1) and ELN (elastin). In
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Differences between ROS1+ and ALK+/RET+ tumors. (A) Clustergram reflecting the differences between ROS1+ and ALK+ tumor specimens. (B)
GSEA resulting from the significantly DEGs between ROSI1+ and ALK+ tumors. (C) Clustergram reflecting the differences between ROS1+ and RET+
tumor specimens. (D) GSEA resulting from the significantly DEGs between ROS1+ and RET+ tumors. (E) Gene expression levels of the NOTCH family

and (F) canonical tumor-suppressor genes and oncogenes.
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contrast, genes such as ALDOA (aldolase A), U2AF1 (U2 small
nucleolar RNA auxiliary factor 1), MFSDI4A (major facilitator
superfamily domain containing 14A) and FKBP2 (FKBP prolyl
isomerase 2) were upregulated in patient-derived cell lines.

In order to showcase the representativity of the patient-derived
cell lines used in the study, special attention was paid to genes
involved in extrinsic resistance mechanisms towards TKIs described
in ROSI1+ NSCLC patients (Figure 3C). The statistical tests were
performed relatively to CD74-ROSI tumor specimens given that it
constitutes the most frequent rearrangement subtype. EGFR was
significantly overexpressed in CUTO-38 cells (p < 0.001), CUTO-37
(p =0.012), CUTO-33 (p = 0.04) and CUTO-23 (p = 0.003). ERBB2,
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whose product is HER2, was significantly downregulated in CLTC-
ROS!I tumors (p < 0.001), CUTO-37, CUTO-28, CUTO-27 and
CUTO-33 (p < 0.001). Contrarily, it was upregulated in CUTO38
cells (p = 0.001). A similar trend was observed in ERBB3 expression,
except for a significant downregulation in HCC-78 cells (p = 0.006)
instead of an overexpression in CUTO-38 cells. G/B2 was clearly
expressed in CD74- and CLTC-ROSI tumors, being significantly
higher in the latter case (p < 0.001). In contrast, this gene was
practically not expressed in the remaining tumor subtypes and cell
lines. In parallel, MET was upregulated in CUTO38 and CUTO-37
(p < 0.001) together with CUTO-33 (p = 0.024) and CUTO28 (p =
0.011). MYC was overexpressed in HCC-78 cells (p = 0.021),
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FIGURE 3
Transcriptomic differences between ROS1+ tumors and patient-derived ce

Il lines. (A) Clustergram highlighting the differences between ROS1+

tumor specimens and patient-derived cell lines. (B) Volcano plot containing more than 6,000 DEGs. (C) Differential expression of relevant
oncogenes and tumor-suppressor genes across ROS1+ NSCLC tumor subtypes and patient-derived cell lines. (D) Distribution across chromosomes
of the top 500 significant up- and downregulated genes between tumor specimens and cell lines. (E) GSEA elucidating the KEGG pathways up- or

down-regulated in patient-derived cell lines versus tumor specimens.

CUTO33 (p =0.017) and CUTO28 (p < 0.001). No differences were
detected concerning NOTCH4 expression. However, the
endogenous ROSI levels varied across samples. SLC34A2-ROSI
tumors reflected an upregulation (p < 0.001) whilst CUTO-33,
CUTO-28, CUTO-27 and CUTO-23 showed lower ROSI levels (p =
0.01). Finally, TP53 was upregulated in EZR-ROSI tumors
(p<0.001) and downregulated in CUTO33 (p = 0.007), CUTO-28
(p = 0.004) and CUTO-27 cells (p = 0.005).

To investigate whether specific genomic regions contained a
notable concentration of differentially expressed genes (DEGs), the
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top 500 significant DEGs were mapped to their corresponding
locations on the genome (Figure 3D). This visualization aimed to
provide a graphical representation of the DEG distribution. The
analysis revealed that the distribution of these genes was relatively
uniform across the genome, with the exception of chromosome 7,
which exhibited a higher density of DEGs compared to other
chromosomes. GSEA that included the 6,803 DEGs and using the
“chromosomalLocation” function revealed a significant enrichment
of overexpressed genes in cell lines located in the cytogenetic band
chr7p22.3 (Supplementary Figure 1). Interestingly, copy number
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gains involving this genomic region known to harbor oncogenes
such as UNCX, FAM20C, MADILI and PDGFA have been reported
during the immortalization process of patient-derived small cell
lung cancer lines (37).

GSEA identified pathways whose activation differed between
tumor samples and cell lines (Figure 3E). As expected, immune
response-related gene sets like allograft rejection, Leishmania
infection and viral myocarditis together with cell adhesion
molecules (CAMs) were significantly overexpressed in tumor
specimens. Contrarily, gene sets corresponding to the cell cycle,
DNA replication, DNA repair and RNA transport were enriched in
CUTO and HCC-78 cell lines. Therefore, these results highlight the
major biological differences between tumor samples and cell lines
and can be summarized in cell cycle, DNA repair and
inflammatory signatures.

3.5 Differences between ROS1+ NSCLC
cell lines encompass EMT- and Myc-
related hallmarks

The subsequent exploratory analysis focused exclusively on
ROSI+ NSCLC patient-derived cell lines. As illustrated in
Figure 4A, these cell lines exhibit a remarkable phenotypic
heterogeneity. Their morphology and colony formation do not
adhere to a single pattern, leading us to hypothesize that such
differences might be reflected at the transcriptomic level. Despite
the limited sample size, the differential gene expression analysis
unveiled intriguing features, as depicted in the principal component
analysis (PCA) shown in Figure 4B. The majority of cell lines
clustered together, with a clear separation along the first principal
component, which accounted for 72.44% of the variance. CUTO-37
and CUTO-38 were the two cell lines that clustered more distinctly
from the rest. This observation is further supported by the
dendrogram presented in Figure 4C.

Next, we identified similar expression patterns per each cell line
through a k-means sample clustering. Assuming that each cell line
constitutes a separate group and given that the biological replicates
clustered together in each line, a K=7 was chosen. The resulting
clustergram is shown in Figure 4D, and the following clusters are: 1:
HCC-78 (450 genes), 2: CUTO-23 (314 genes), 3: CUTO-38 (764
genes), 4: CUTO-28 (1094 genes), 5: CUTO-37 (1127 genes), 6:
CUTO-27 (164 genes) and 7: CUTO-33 (724 genes). The
subsequent GSEA performed in order to identify the significantly
enriched hallmarks in each cluster is shown in Figure 4E. HCC-78
transcriptome was enriched in KRas-mediated signaling and
interferon responses, CUTO-38 cells showed an enrichment in
cholesterol and reactive oxygen species (ROS) together with
androgen response and bile acid metabolism. CUTO-37 cells were
enriched in the EMT, hypoxia and TNFa signaling via NF-KB,
among other hallmarks. CUTO-33 cells were EMT- and UV
response-enriched hallmarks. CUTO-28 cells showed an
enrichment in estrogen responses, Myc targets, mTORCI
signaling and E2F targets hallmarks. Finally, CUTO-27 depicted
an upregulation in TNFo signaling via NF-KB hallmark. No
significant hallmarks were identified in CUTO-23 cells. The
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networks of the GSEA hallmarks identified in the two most
distant cell lines according to the dendrogram, CUTO-28 and
CUTO-37 are represented in Figure 4F (CUTO-28) and
Figure 4G (CUTO-37) respectively.

3.6 The ROS1 fusion partner genes
modulate modestly the
tumor transcriptome

The molecular subtypes defined by the ROSI fusion partner
genes have been shown to influence downstream signaling due to the
different subcellular localizations of the resulting fusion proteins (25).
Therefore, we hypothesized that the differential activation of signaling
pathways might be reflected at the gene expression level. Three out of
the four ROSI-rearranged tumor subtypes were included in the
analysis, as there were at least two independent samples per fusion
type (CD74-ROSI, SLC34A2-ROSI, and EZR-ROSI). The PCA plot
containing PC1 and PC2 indicates that EZR-ROSI tumors cluster
remarkably further from CD74- and SLC34A2-ROSI tumor
specimens, as shown in Figure 5A. The complementary
dendrogram showcases the similarity between CD74- and
SLC34A2-ROS1 tumors (Figure 5B).

Next, a DEG analysis was conducted to unveil the distinctive
traits of each ROSI rearrangement type, done through pairwise
comparisons. The cut-off conditions were log,(fold change [2[) >
and FDR < 0.05. The obtained volcano plots and heatmaps per each
rearrangement are shown in Supplementary Figure 2B, for the
CD74-ROS1 signature, 2¢ for SLC34A2-ROS1 signature and 2d for
EZR-ROS1 signature respectively. The functional annotation of the
DEGs in each subtype revealed a significant upregulation of CD74-
ROSI tumors in EMT hallmark and a downregulation of TGF-3
signaling (Figure 5C). In addition, EZR-ROSI tumor specimens
were characterized by an enrichment in [3-catenin signaling and the
downregulation of a G2M checkpoint hallmark (Figure 5D). It is
worth noting that no significant enrichment was observed in the
SLC34A2-ROSI subtype.

Finally, the correlation between ROSI expression and selected
oncogenes of interest was determined for the CD74-ROSI,
SLC34A2-ROS1, and EZR-ROSI subtypes (Supplementary
Figure 2). Notably, MET (Spearman correlation coefficient =
0.964), BRAF (0.963), MYC (0.714), and EGFR (0.39) exhibited
positive correlations with ROS1 expression. Conversely, the
expression of transcription factors known to drive epithelial-
mesenchymal transition (EMT), such as SNAII (-0.678) and
TWIST1 (-0.785), negatively correlated with ROSI expression.
However, these correlations did not reach statistical significance,
which might be attributed to the limited sample size in each group.

3.7 The connexin-encoding GJB2 is
expressed in a CD74- and CLTC-ROS1-
dependent manner

Based on our hypothesis, we proceeded to evaluate GJB2
expression as a potential prognostic marker for ROS1-rearranged
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Transcriptomic traits of ROS1+ patient-derived NSCLC cell lines. (A) Phenotypes of some of the cell lines characterized in the study. Phase contrast
microscopy images taken at 10X magnification. (B) Principal component plot. (C) Dendrogram and (D) clustergram reflecting the differences across
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NSCLC, considering its upregulation compared to ALK+ and RET+
tumors, as well as normal adjacent lung tissue. Statistical
significance was achieved only when compared to normal lung
tissue (p = 0.042) (Figure 6A). This observation might be attributed
to the fact that GJB2 overexpression occurs only in specific ROSI
fusion subtypes. Figure 6B illustrates the normalized GJB2 counts
across the investigated ROSI rearrangement types, revealing that
GJB2 expression was present only in CD74-ROSI and CLTC-ROS1
samples, with a significant upregulation in the latter subtype (p =
0.016). These findings were validated through RT-qPCR in our cell
line models, where transcript levels are expressed as calibrated and
normalized relative mRNA quantities (CNRQ) + SEM (Figure 6C).
GJB2 expression was not detected in HCC-78 cells harboring the
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SLC34A2-ROSI fusion, in contrast to CUTO-28 (TPM3-ROSI) and
CUTO-37 (CD74-ROS1) cell lines, which showed significant G/B2
expression (p < 0.0001 in both comparisons). Consequently, the
higher levels of GJB2 transcript in CUTO-28 and CUTO-37 lines
suggest that GJB2 is actively expressed by tumor cells and that its
expression varies depending on the specific ROSI fusion type.
Moreover, we evaluated the prognostic significance of high
GJB2 expression in the lung adenocarcinoma (LUAD) cohort
from The Cancer Genome Atlas (TCGA) (Figure 6D). LUAD
patients with GJB2 overexpression exhibited a poorer prognosis
compared to those in the low-GJB2 expression group (Hazard ratio
for high GJB2 expression = 1.8; p-value for high GJB2 expression <
0.001). Next, we validated this finding in an independent LUAD
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FIGURE 5

Impact of the ROS1 fusion partner in the tumor transcriptome. (A) Principal component analysis (PCA) of CD74-, SLC34A2- and EZR-ROS1 tumor
samples. (B) Clustergram of the cell lines based on their transcriptomic traits (C) GSEA depicting the enriched hallmarks in CD74-ROS1 and (D) EZR-

ROS1 NSCLC samples.

patient cohort that combined several studies. As shown in
Supplementary Figure 4, the results were concordant with the
TCGA cohort. Taking these observations into account, GJB2
expression might explain the variability among ROSI+ NSCLC
patient disease outcomes. As reported by Liu et al., the potential
mechanism behind the pro-tumorigenic role of high GJB2
expression might be the upregulation of the SPPI signaling
pathway (24). Furthermore, we mapped the reported GJB2
variants within the same TCGA LUAD cohort onto the gene
structure, as illustrated in Figure 6E, to identify potential gain-of-
function mutations. Among the variants, four were missense
mutations: L1I0M and G130C, located in the connexin domain;
and R165Q and V178M, present in the cysteine-rich connexin
domain of GJB2. Interestingly, only the V178M variant has been
clinically described in the literature, reported as a pathogenic
mutation identified in patients with autosomal-recessive hearing
loss (38). This suggests that V178M is unlikely to be a gain-of-
function mutation in the context of hearing loss. However, the
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impact of the GJB2 V178M variant on tumor cell biology remains to
be elucidated.

3.8 Gene co-expression analysis proposes
TFDP1 as master transcription factor in
ROS1+ NSCLC

Unsupervised methods, such as gene co-expression analysis,
enable the identification of gene clusters with positively or
negatively correlated expression patterns, independent of sample
category or experimental condition. In this study, we identified 18
gene clusters, each characterized by a correlation coefficient and a p-
value associated with a specific trait or phenotype. Supplementary
Figure 5 illustrates the resulting matrix, with columns representing
the traits of the tumor samples included in the analysis. The
strongest correlation was observed for the green-yellow cluster
(coefficient = -0.48, p = 0.007) with respect to disease stage,
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suggesting that the expression patterns of genes within this cluster
collectively explain a portion of the variability attributed to the
disease stage of the samples. The observed eigengene expression
patterns of the green-yellow module across samples (Figure 7A)
highlight the variability in the direction and magnitude of gene
expression among different sample types. These discrepancies can
be attributed to the moderate correlation coefficient of the module,
indicating that while the genes within the cluster share a common
expression pattern, other factors may also influence their
expression. The functional annotation of this gene cluster through
over-representation analysis (ORA) revealed the involvement of
genes in critical cellular processes such as cell cycle, DNA repair and
replication, and the P53 signaling pathway (Figure 7B). These
findings suggest that the disease stage of tumor samples can be
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partially explained by the coordinated expression of genes
regulating these essential pathways.

The following module which showed moderate correlation
between the genes is the red one (0.44, p=0.01). The trait that
defines this gene cluster is the comparison between ROSI+ tumor
specimens and normal or healthy lung samples. When carrying out
ORA, the steroid biosynthesis, amino sugar and nucleotide sugar
metabolism together with the small cell lung cancer KEGG
pathways were identified (Figure 7C). Finally, with the aim to
unveil master regulatory transcription factors that orchestrate the
ROSI1+ NSCLC transcriptome, an iRegulon-based analysis upon the
red module was performed followed by an ORA annotation
(Figure 7D). The top-ranked transcription factor (TF) for the red
gene module was TFDP1. Considering only the target genes of the
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aforementioned TF, ORA was performed (Figure 7E) and it
unveiled that DNA replication, homologous recombination, cell
cycle, spliceosome and protein processing in ER were the
significantly over-represented KEGG pathways in the
TFDP1 regulon.

4 Discussion

The biology of oncogene-addicted lung neoplasms has been
heterogeneously approached within the last decades. Partially due
to differences in the prevalence of each molecular subtype,
restricting access to patient-derived samples. In consequence,
study of ROSI-, ALK- and RET- rearranged tumors remains
modest beyond the kinase domain of their oncogenic fusion
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proteins. To unveil distinctive traits between oncogene-addicted
lung adenocarcinomas, particularly between rare subtypes like
ROSI1+ NSCLC, aspects such as tumor transcriptome profiling
might be enlightening. Although existing transcriptome studies
lack the necessary depth and specificity required for a
comprehensive characterization of ROSI-driven NSCLC, we
hypothesized that reanalysis based on combined data can yield a
more representative characterization of this tumor type (39-41).
Our findings point towards a relevant contribution of the
nucleotide synthesis and cell adhesion pathways to the proliferation
of ROSI+ lung adenocarcinomas. The highest overexpressed gene in
ROSI+ tumor specimens and cell lines, ISLI provides new insights
about this molecular subtype. This gene encodes a LIM homeodomain
transcription factor which regulates insulin expression during
homeostasis. Moreover, its pathological role in tumorigenesis has
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been reported through the regulation of cyclin D1 and c-Myc genes in
neuroblastoma, gastric cancer and non-Hodgkin lymphoma (42-44).
ISLI has been recently reported to mediate lung morphogenesis,
particularly, the adequate branching of the respiratory epithelium
through the Sonic hedgehog (Shh) signaling pathway (45). In addition,
ISLI is known to regulate processes like epithelial cell differentiation,
adhesion and migration in NSCLC (46, 47). Importantly, Shh
mediates processes like EMT, therefore a dysregulation of ISLI
expression might enhance tumorigenesis via the acquisition of a
mesenchymal phenotype of neoplastic cells. Li et al. provided
evidence supporting this hypothesis by demonstrating that
triptolide-mediated inhibition of the Sonic hedgehog (Shh) pathway
could reverse chemoresistance in NSCLC cells (48). Regarding the
upregulated cell adhesion signature in ROSI+ NSCLC, the gene
encoding Ras interacting protein 1 (RASIPI) was found to be
significantly overexpressed. RASIP1 plays a crucial role in the
integrin activation process, which is essential for cell migration (49).
Therefore, pharmacological inhibition of RASIP1 or its associated
pathways might represent a potential strategy to prevent or reduce the
development of metastasis in ROSI+ NSCLC.

Additionally, the significantly increased levels of NOTCHI in
RET+ tumors might partially explain the higher rates of
extrathoracic metastases in RET+ compared to ROSI+ NSCLC
patients. The potential underlying mechanism might be the
epithelial-to-mesenchymal transition (EMT)-promoting role of
the Notch pathway that enhances cell migration (19, 22, 50). As
depicted by two studies in NSCLC, Notch-1 and Notch-3
respectively promote EGFR-TKI resistance and maintain a stem-
like status. Remarkably, their pharmacological inhibition decreased
cell growth and migration, autophagy and increased the cell
apoptotic activity (18, 20, 21). Hence, the Notch pathway
constitutes a crucial player regarding the regulation of EMT in
NSCLC, becoming a drug target for metastatic disease.

It is known that higher GJB2 expression levels in a subset of
cancer-associated fibroblasts (CAFs) induce stromal tumor fibrosis,
enhancing chemotherapy resistance in solid tumors (51). These
observations were complemented by the significant positive
correlation between GJB2 expression and the tumor infiltration by
CAFs (52). Specifically in LUAD, the promoter of GJB2 was found
to be hypomethylated, possibly leading to gene overexpression.
Moreover, the functional annotation of DEGs in GJB2-
overexpressing LUAD revealed an enrichment of the PI3K/AKT
and ECM-receptor interaction KEGG pathways (53). However, the
functional characterization of GJB2 missense variants identified in
patients is currently lacking, limiting our ability to draw definitive
conclusions regarding their impact on gene function and disease
pathogenesis. In parallel, the upregulation of IL20RB in ROSI+
NSCLC tumors and cell lines might constitute one of the
mechanisms that mediate bone metastasis. According to a recent
study performed in The Netherlands, around 1/3 of stage IV ROSI+
NSCLC patients present bone metastases at diagnosis (54). IL20RB
has been described to activate the JAK/STAT pathway upon
stimulation with interleukin 19 (IL-19). In consequence,
phosphorylated STAT3 translocates to the nucleus of tumor cells
promoting the secretion of granulocyte-macrophage colony
stimulating factor (GM-CSF), a cytokine that induces IL-19
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synthesis in osteoclasts (33). Importantly, IL20RB neutralization
with antibodies reduced the metastatic potential of tumor cells in
vivo; therefore this becomes a relevant strategy to be evaluated in
clinical trials in order to manage bone metastases in
advanced stages.

The identification of the enriched systemic lupus erythematosus
(SLE) signature in ROSI+ NSCLC might be a priori a puzzling
finding. SLE is an autoimmune disease characterized by a
dysregulation of cytokines, T cells, B cells and macrophages (55).
However, this signature has been previously identified in lung cancer
with a higher incidence in the adenocarcinoma histological subtype
and non-smoker women (56). Although the causal explanation of this
findings is not fully understood, the manifestations of the SLE
signature are consistent with the higher risk of thromboembolic
events reported in ROS1+ NSCLC patients (57-59). Mechanistically,
SLE-induced coagulopathy is caused by autoantibodies which target
endothelial cells. The resulting damage triggers the coagulation
cascade (60). Therefore, in the context of ROSI+ NSCLC, the
expression of a SLE gene signature might be mediated by cell
adhesion molecules; another important gene set identified in this
study (61, 62). The potential aberrant expression of cell adhesion
molecules like integrins and gap junction proteins could initiate the
coagulation cascade, explaining the increased susceptibility of
thromboembolic events observed in patients.

Importantly, the main limitation of this study is the low sample
size of ROSI-, ALK- and RET-rearranged tumors, which is
explained by the low prevalence of each tumor subtype. The
limited number of tumor specimens and cell lines included in our
analysis may affect the generalizability of our findings, necessitating
further validation using additional patient-derived samples and
experimental models. Moreover, the patients involved in the
study received various treatment regimens, which likely impacted
gene expression profiles, introducing another potential limitation of
our study. However, the identified signatures emerged from
analyzing tumor samples and patient-derived cell lines
independently collected and sequenced, increasing the robustness
of the presented evidence. By employing RT-qPCR, we validated the
expression of IL20RB in our ROSI+ cell lines as well as the fusion-
specific GJ/B2 expression pattern. Consequently, we confirm the
validity of such findings in independent samples and using an
orthogonal method to NGS like RT-qPCR. In addition,
complementing the dataset with patient-derived cell lines
provides two main advantages. First, the confirmation of the
observations in tumor samples, a biologically comprehensive
sample type. Second, a detailed assessment of the cell line
transcriptomes unveiled converging gene expression patterns with
tumor samples, which can be summarized in the enrichment of cell
adhesion molecules and nucleotide synthesis signatures. The shared
traits offer a new insight about the most representative features of
cell lines’ tumor physiology, shown by a dependency on ISLI
expression which links its activity with glucose metabolism and
the acquisition of a mesenchymal phenotype.

As seen in our study, differences were noticed between tumor
samples and cell lines, reflected by the more than 6000 significantly
DEGs. Among them, key oncogenes like MYC and MET were found
to be upregulated in cell lines; possibly as a result of the spontaneous
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immortalization of cell lines. Moreover, the observed cluster of
overexpressed genes on chromosome 7, in line with previously
reported copy number gains of 7p22.3 in cell lines, must be
considered when extrapolating results obtained in vitro. Because
this region is rich in oncogenes, differences should be closely
regarded when designing experiments involving pathways in
which these genes participate (16, 37). It is also worth noting that
HCC-78 cells clustered among CUTO lines, indicating that their
transcriptomes are very similar despite being cell lines established in
different time points. Nevertheless, the phenotypical and
transcriptomic variability among ROSI+ patient-derived cell lines
supports the heterogeneous ROS1+ NSCLC patient outcomes in the
clinical setting, reinforcing them as valuable experimental models.

The mild impact of different ROSI fusion partner genes
contrasts with the work by Neel et al. They demonstrated
SLC34A2-ROS1 and SDC4-ROS1 fusions strongly activate the
MAPK pathway, which was not seen in CD74-ROS1, due to their
differential subcellular localization. The discordance with our
results might be explained by three reasons. First, the included
data did not include determination of phosphorylated Erk 1/2
protein through immunoblotting, which would have been the
most specific method to determine the activation levels of the
MAPK pathway. Second, the overlap between the target genes of
the MAPK pathway and other ROS1 downstream signaling
pathways, such as the JAK/STAT or mTOR/AKT, might mask
the differential MAPK pathway activation levels from a
transcriptome perspective. Third, Neel et al. also mentioned that
a shorter CD74-ROS1 isoform can localize in endosomes and
plasma membrane instead of the ER, and as such activate the
MAPK pathway as well (25).

Nonetheless, the GJB2 overexpression found in CLTC-ROS!
and CD74-ROSI subtypes, might have implications in disease
progression. First because GJB2, expressed by tumor cells and
cancer-associated fibroblasts (CAFs), contributes to ECM
remodeling and activates the SPP1/PI3K/AKT signaling pathway
in lung adenocarcinoma (24, 63). Second, due to the pro-metastatic
role of KRT16, which was found to be upregulated in the same two
patient subsets. (Supplementary Figure 6). This cytokeratin
upregulates the synthesis of vimentin in lung cancer cells (64).
Consequently, this hypothesis is concordant with the increased
likelihood of CD74-ROSI+ NSCLC patients to develop brain
metastases (65). On top of that, Wang et al. identified that CD74-
ROSI+ bone metastatic NSCLC cells secreted CCL5 through STAT3
activation to recruit macrophages. In this interaction, the tumor-
promoting M2 macrophages stimulate tumor cells and induce EMT
via TGE-B pathway stimulation (66). These results align with the
upregulated EMT signature that we report in CD74-ROSI
specimens. Similarly, the downregulation of the TGF-f3 pathway
that we found in tumor specimens can be explained by the lack of
interaction between tumor cells and the bone niche in the samples
that we analyzed.

Applying gene co-expression analysis in the tumor samples lead
to the detection of the cell cycle and amino sugar and nucleotide
sugar metabolism pathway over representation within the ROSI+
lung adenocarcinoma subtype. This approach allowed an
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unsupervised characterization of samples aimed to identify
functionally related genes (67). The confirmation of these
observations in additional samples, experimental models and
independent cohorts might open the door to find new actionable
targets in a ROSI-specific manner. In parallel, this approach
combined with the iRegulon tool pointed towards TFDPI, a
transcription factor known to interact with E2F, another essential
regulator whose targets were significantly enriched in CUTO-28
cells. Moreover, TFDPI amplification has been described in lung
cancer and esophageal squamous cell carcinomas (68). It is
important to note that an activation of the TFDP1/E2F1 axis in
lung cancer results in the attenuation of the p53 pathway, mediated
by COMMDY (69). Thus, this transcription factor represents a
novel research object holding therapeutic potential.

Focused efforts concerning ROSI+ NSCLC patients are
currently oriented towards refining the treatment scheme upon
improved patient stratification, overcoming drug resistance and
understanding the disease risk factors (70). Our study contributes to
two of these aspects. First, treatment-wise, combination strategies of
TKIs and monoclonal antibodies targeting IL20RB might be
beneficial to treat bone metastases. Second, further functional
studies are required to confirm the role of the nucleotide
synthesis pathway in ROSI+ NSCLC, its targeting might enhance
the sensitivity towards checkpoint inhibitors as reported by Wu
et al. (71) Besides, the inhibition of nucleotide synthesis through
mTORC1/IMPDH targeting is known to induce replication stress,
ultimately resulting in apoptosis (72). Thus, exploring
combinations of TKIs and IMPDH inhibitors could be useful to
address heavily pre-treated cases. Third, GJB2 expression could be
employed as a prognostic biomarker. Collectively, such
observations have the potential to enhance the tailoring of
therapies to different patient subsets and help to predict
disease outcomes.

5 Conclusion

In the present study we perform an in-depth characterization of
ROSI+ NSCLC using two complementary approaches: differential
gene expression and gene co-expression analysis. Our results point
towards IL20RB, the nucleotide synthesis and cell adhesion
pathways as specific signatures compared to ALK+ and RET+
tumors. Importantly, they constitute targetable alterations which
could be co-inhibited together with ROS1. Moreover, we report
differences in oncogene expression such as MYC, MET and BRAF
between ROSI+ tumor samples and cell lines, which should be
taken into account when interpreting in vitro experiments. Finally,
we propose ISL1 and TFDP1 as candidate transcription factors that
complement the oncogenic dependencies of ROSI+ NSCLC
through cyclin D1, c-Myc and the Sonic hedgehog (Shh) pathway.
Furthermore, the identification of the enriched systemic lupus
erythematosus (SLE) signature might be related to the higher risk
of thromboembolic events in ROSI+ NSCLC patients. In addition,
GJB2 was found overexpressed in CD74- and CLTC-ROSI1+ tumor
specimens and cell lines, which positively correlates with patients
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presenting a poor prognosis. Despite the limited sample size, the
robustness of our evidences is supported by the independent
validation of IL20RB and GJB2 expression using RT-qPCR.
Collectively, the present study broadens our understanding of the
molecular alterations in ROSI+ NSCLC, paving the path towards
novel therapeutic strategies.
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Prostate cancer is one of the most prevalent malignant tumors in men,
particularly in regions with a high Human Development Index. While the long-
term survival rate for localized prostate cancer is relatively high, the mortality rate
remains significantly elevated once the disease progresses to advanced stages,
even with various intensive treatment modalities. The primary obstacle to curing
advanced prostate cancer is the absence of comprehensive treatment strategies
that effectively target the highly heterogeneous tumors at both genetic and
molecular levels. Prostate cancer development is a complex, multigenic, and
multistep process that involves numerous gene mutations, alteration in gene
expression, and changes in signaling pathways. Key genetic and pathway
alterations include the amplification and/or mutation of the androgen
receptor, the loss of Rb, PTEN, and p53, the activation of the WNT signaling
pathway, and the amplification of the MYC oncogene. This review summarizes
the mechanisms by which these genes influence the progression of prostate
cancer and highlights the interactions between multiple genes and their
relationship with prostate cancer. Additionally, we reviewed the current state
of treatments targeting these genes and signaling pathways, providing a
comprehensive overview of therapeutic approaches in the context of
prostate cancer.

KEYWORDS

signaling pathway, therapeutic targets, CRPC, prostate cancer, gene mutation

1 Introduction

Prostate cancer is currently the most common malignancy among men in the United
States, with an incidence of 29% (1). In 2024, it is the most common cause of male cancer
death after lung and bronchial cancer (1). Globally, prostate cancer mortality is slightly
lower than that of lung cancer in the male population (2). Therefore, prostate cancer ranks
high in both incidence and mortality rates. Prostate cancer is influenced by various risk
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factors, including age, family history, obesity, and unhealthy dietary
habits (3). Age is a primary risk factor for prostate cancer. The
incidence is rare in men under 50 years old (1 in 350), but it
increases sharply to 1 in 52 by age 59, and by age 65, the rate rises to
more than 1 in 2. Men with a family history of the disease have
more than double the risk of developing prostate cancer compared
to those without such a history (4-6). Additionally, race plays a role
in prostate cancer risk. Research from 2010 found, compared to
White male patients, Black male patients exhibit a more rapid
progression of prostate cancer and may develop invasive prostate
cancer at an earlier stage (7, 8).

Early-stage prostate cancer often lacks noticeable symptoms,
making it difficult to detect and delaying timely and effective
treatment. Currently, the screening and diagnosis of prostate cancer
mainly include serum Prostate-specific Antigen (PSA), Magnetic
Resonance Imaging fusion ultrasound-guided prostate biopsy (MRI-
TRUS), and digital rectal examination. Despite the availability of these
methods, PSA remains the most widely used screening tool for early
diagnosis of prostate cancer worldwide. Although PSA is highly
sensitive for early detection, it lacks specificity of the properties of
prostate tissue. This means it cannot differentiate between high-risk
and low-risk tumors and may also be elevated in cases of enlarged
prostate, aging, prostatitis, certain urological diseases, and specific drug
treatments. Consequently, PSA screening may lead to overtreatment of
prostate cancer (9).

In recent years, alongside PSA, other tumor markers such as
P53, MDM2 and Ki67 have been used to monitor the progression
and treatment of prostate cancer. Additionally, the application of
next generation sequencing (NGS) technology in cancer diagnosis
and treatment has deepened researchers’ understanding of prostate
cancer and its molecular biology. Drug therapies targeting prostate
cancer-related genes are also under investigation and some of them
have been used in clinical treatment, but none of the therapeutic
effects are very satisfactory, and the treatment of advanced prostate
cancer is still an urgent problem to be solved. This article primarily
reviews the treatment, drug resistance, and prognosis of genes
related to prostate cancer. The interactions between related genes
are further summarized and it is suggested that combination
therapy targeting such multiple genes may be more effective in
the treatment of advanced prostate cancer.

2 Androgen receptor
2.1 Role of AR in prostate cancer

Androgen receptor (AR), a nuclear transcription factor in the
steroid hormone receptor family, is central to prostate cancer
pathogenesis. When testosterone or 5-alpha-dihydrotestosterone
(DHT) binds to AR, the receptor dimerizes and translocations to
the nucleus, where it binds to the androgen response element (ARE)
(10). This interplay participates in the transcriptional activity of
genes that prevent apoptosis and induce cell proliferation. AR
supports proper development in normal prostate, whereas
elevated AR expression drives disease progression in prostate
cancer (11).
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2.2 Mechanisms of resistance to ADT

Androgen deprivation therapy (ADT) is a treatment designed to
reduce or block the production of androgens (male hormones, such as
testosterone) that fuel the growth of prostate cancer. ADT is initially
effective in treating prostate cancer (12). As the disease progresses, most
patients eventually develop castrate-resistant prostate cancer (CRPC)
and metastases after ADT (Figure 1). There are two main mechanisms
behind this resistance. First, although early-stage prostate cancer is
primarily driven by androgen-dependent cancer cells, the disease is
heterogeneous, not only composed of androgen-dependent cells.
Castration resistance occurs due to the growth of androgen-
independent cells, which arises from genetic alterations in the AR
(13). Second, apart from the androgens produced by the adrenal glands
and testis that stimulate AR, intra-tumoral secretion of enzymes
involved in testosterone synthesis, such as cytochrome P450 17-alpha
hydroxysteroid dehydrogenase (CYP17), also supports tumor survival
and growth (14). Moreover, a new mechanism about the resistance has
been found in recent years. AR splice variants are more common in
CRPC, and they are characterized primarily by the loss of ligand
domains, which retain the ability to bind to DNA in the absence of
androgens (15). There are many variants of AR spliceosome, among
which AR-V7 is one of the most studied variants. AR-V7 can complete
nuclear transfer in the absence of androgen binding and recruit
cofactors to complete transcriptional activation of downstream genes,
followed by aberrant activation of the AR signaling pathway (16).
Interestingly, AR-V7 also predicted treatment response to AR-targeting
drugs, and AR-V7-positive patients who received enzalutamide and
abiraterone had shorter progression-free survival and shorter overall
survival than AR-V7-negative patients (17). This also provides strong
evidence for AR-V7 as a biomarker for prostate cancer.

2.3 Emerging therapies and challenges

To target CRPC, new drugs that inhibit androgen-producing
enzymes or block AR have been developed in recent years, such as
second-generation nonsteroidal AR antagonists (enzalutamide,
apalutamide, and darolutamide) and the androgen biosynthesis
inhibitor abiraterone (18). In a phase 3 trial of enzalutamide, which
randomized 1,125 male patients with metastatic castration sensitive
prostate cancer (mCSPC) into groups of ADT in combination with
either enzalutamide (N = 563) or a standard nonsteroidal antiandrogen
agent (bicalutamide, flutamide, or nilutamide; N = 562) until
progression or unacceptable toxicity. the enzalutamide arm had
fewer deaths than the standard-care group (102 vs 143; HR 0.67;
95% CI 0.52-0.86; P = 0.002) and 3-year overall survival (OS) estimated
at 80% (based on 94 events) vs 72% (based on 130 events), respectively
(19). In another clinical trial, 297 patients with high-risk metastatic
hormone-sensitive prostate cancer (mHSPC) treated with abiraterone,
127 with enzalutamide, and 142 with apalutamide were compared.
There were no differences in time to CRPC (p = 0.13), OS (p = 0.7), and
cancer-specific survival (CSS) (p=0.5) among the three ARPIs, but
abiraterone was significantly better in 99% PSA decline achievement
compared to apalutamide (72% vs. 57%, p = 0.003) (20). However, over
time, most patients still develop resistance to these treatments
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FIGURE 1

The process underlying the development of CRPC after ADT. PCa, Prostate cancer; ADT, Androgen deprivation therapy; CRPC, Castrate resistant
prostate cancer; AR, Androgen receptor; NEPC, neuroendocrine prostate cancer, Abiraterone and Enzalutamide: The androgen biosynthesis inhibitor
and the novel AR inhibitor.

(Table 1) (21). Some studies have found that after treatment with anti-

androgen drugs, prostate cancer cells undergo a lineage shift, which

refers to the conversion of cells from luminal and basal cells to Interaction
neuroendocrine-type cells caused by adaptation to the environment between genes

TABLE 1 Genes associated with prostate cancer progression.

Function

(22-24). Thus, the prostate cancer cells can evade drug-targeted AR Regulation of AR signaling pathway Rb, p53, MYC, WNT
therapy, causing treatment-resistant neuroendocrine prostate cancer.
Rb Regulation of cell cycle AR, p53, PTEN

. PTEN Regu'latlo.n of PI3K/AKT Rb, p53, MYC

3 Retinoblastoma signaling pathway
Regulation of WNT/B-catenin
. . WNT S AR
3.1 Mechanisms of cell cycle regulation signaling pathway
by reti nOblaStoma p53 Regulation of cell cycle Rb, PTEN, AR
. ) . ) . Regulation of gene expression and key
Retinoblastoma is a malignant tumor, and Retinoblastoma (Rb) is MYC cellular processes AR, PTEN

a tumor suppressor gene identified in this tumor (25, 26). The Rb gene
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is located on chromosome 13q14.2 and was the first human tumor
suppressor gene to be cloned (25). The Rb protein family includes Rb,
p107 and p130, collectively referred to as “pocket proteins”, which are
involved in cell cycle regulation (27). The cell cycle is the series of
events in which cellular components are doubled, and then accurately
segregated into daughter cells. In eukaryotes, the cell cycle consists of
four phases, S-phase, in which DNA replication occurs, M-phase, in
which mitosis occurs, and two interphases, G1 and G2, between S-
phase and M-phase, which are the times when the cell acquires mass,
integrates growth signals, organizes the replication of the genome, and
prepares the chromosomes for segregation (28). In its low
phosphorylation state, Rb can inhibit the transcriptional activity of
E2F by binding to its downstream transcription factors (E2F), thereby
suppressing the expression of genes involved in the cell cycle and
arresting the cell cycle in the G1 phase (29). However, in late G1, Rb
transitions from a low phosphorylation state to a high phosphorylated,
inactive state, releasing E2F and allowing cells to enter the S-phase,
thereby promoting cell proliferation (29). The cyclin-cyclin dependent
kinase (CDK) complex promotes cell cycle progression by
phosphorylating members of the Rb family during G1. Cyclin D
expression leads to CDK4 (and CDK®6)- dependent phosphorylation
of Rb, reducing its binding to E2Fs and promoting early cell cycle gene
expression (30). CDK inhibitors (such as pl6 and p21) can prevent
CDK from phosphorylating Rb by inhibiting the activity of CDK4 and
CDKG®, thereby promoting Rb function (31).

3.2 Role of retinoblastoma in
prostate cancer

The inactivation of Rb is closely related to all stages of prostate
cancer formation (32). Rb-mediated loss of cell cycle control only
leads to the occurrence of prostatic proliferative diseases and is not
sufficient to cause malignant tumors (33). It has been shown that Rb
deletion can promote angiogenesis, metastasis and neuroendocrine
differentiation (NED), a process by which epithelial tumor cells
acquire features of neuroendocrine cells, resulting in a more
aggressive phenotype in human prostate cancer cells (34). In
addition, Rb can promote epithelial-mesenchymal transition
(EMT) and tumor cell invasion by regulating downstream target
genes (35). Recently, Jin, X,, et al. reported that the Rb-NF-kB axis
can be used to overcome cancer immune escape induced by
conventional or targeted therapies (36). Thus, while the absence
of Rb does not cause the occurrence of prostate cancer, it can lead to
the proliferation of prostate cells and plays an essential role in the
metastasis, EMT and NED of prostate cancer.

In addition to promoting the development of prostate cancer
through the aforementioned mechanisms, Rb loss also participates
in the AR signaling pathway. Androgens are known prostatic
epithelial cell growth factors (37) and play an important role in
prostate cancer development. Androgens can activate Rb by
regulating CDK4/cyclin D1 and CDK2 complexes, thereby
initiating the cell cycle (38). After androgen castration treatment,
the level of cyclin D protein is reduced, maintaining low Rb
phosphorylation, causing cell cycle arrest, and inhibiting tumor
development (39). Sharma, A., et al. have found that CRPC that
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develops after castration-resistant treatment shows decreased Rb
expression and increased AR expression (40). Subsequently, Gupta,
S. et al. also have found that AR overexpression in CRPC was
associated with Rb inactivation (41). we believe that there are
several mechanisms for this phenomenon: 1) deletion of Rb
activates E2F, which acts downstream of it to increase AR
expression (42, 43); 2) Rb loss increases AR recruitment to
homologous promoters, resulting in increased AR target gene
expression (44); 3) AR induces signals that promote CDK activity
and promotes phosphorylation of Rb to inactivate it (Figure 2) (45).

3.3 Emerging therapies and challenges

Given the above mechanism of cell cycle regulation by
Retinoblastoma in prostate cancer, inhibition of Rb phosphorylation
can be used as a therapeutic strategy for prostate cancer. By binding
CDK inhibitors to CDK4 and CDK®6, Rb phosphorylation is inhibited
to prevent the G1-S phase transition and induce cell cycle arrest. At
present, there is evidence that highly selective small molecule
inhibitors of CDK4 and CDK®6, Palbociclib, Ribociclib and
Abemaciclib, are effective in the treatment of breast cancer (46), but
the therapeutic effect of prostate cancer is not clear. In breast cancer,
data from the latest MONARCH-3 study showed that at a median
follow-up time of 8.1 years, treatment with Abemaciclib in
combination with an nonsteroidal aromatase inhibitor (NSAI)
numerically prolonged Overall Survival (OS) compared to NSAI
therapy alone in patients with HR+, HER2- advanced breast cancer,
however, unfortunately, the difference did not reach statistical
significance (P=0.0664) (47). Ribociclib is the only CDK4/6
inhibitor that has achieved positive OS results in all three phase III
studies, with stable and consistent OS benefit, whether targeting
premenopausal or postmenopausal populations, as a first- or
second-line treatment, or in combination with an aromatase
inhibitor (AI) or fulvestrant. This is based on several unique
mechanisms of action. Firstly, Ribociclib can induce tumors cell
senescence to achieve a long-term response (48); secondly,
Ribociclib significantly affects peripheral innate and adaptive
immune responses, and achieves long-term efficacy through
immune activation (49). These are all characteristics that
Abemaciclib does not possess. Likely due to the above reasons, the
most recent phase 3 study of Abemaciclib with abiraterone in patients
with metastatic CRPC (mCRPC) did not show a significant increase in
radiographic progression-free survival (rPFS) for the addition of
Abemaciclib to abiraterone, the medians rPES were 21.96 months
for the Abemaciclib plus abiraterone group vs 20.28 months for the
placebo (PBO) plus abiraterone group (50).

4 PTEN

4.1 Mechanisms of PTEN in cell
proliferation and apoptosis

Phosphatase and tensin homolog gene (PTEN) is a tumor
suppressor gene with phosphatase activity, which is located in
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FIGURE 2

Interaction between genes/pathways in prostate cancer (A) Rb deletion promotes the expression of genes downstream of the AR pathway through
transcriptional activation of E2F and facilitating promoter recruitment of the AR. (B) AR induces signals that promote CDK activity and promotes
phosphorylation of Rb to inactivate it. (C) AR can promote prostate cancer progression by reducing p53 expression through G3BP3, which promotes
the nuclear translocation of P53. (D) p53 overexpression inhibits androgen-induced transactivation of NKX3.1 by repressing the promoter of the AR
gene and blocking AR-DNA binding activity. Conversely, p53 deletion promotes prostate cancer progression by facilitating the AR signaling pathway.
(E) WNT can synergize with AR to promote the development of aggressive prostate cancer. (F) p53 and Rb deletion can mediate lineage plasticity,
thereby enabling prostate cancer to evade targeted therapies and progress to CRPC. (G) The deletion of PTEN and p53 can lead to changes in the
lineage of prostate cancer, resulting in the formation of CRPC. (H, 1) Rb loss facilitates lineage plasticity and metastasis of prostate adenocarcinoma
initiated by PTEN mutation. The additional loss of p53 causes resistance to antiandrogen therapy. (J) MYC overexpression or targeted PTEN loss can

each produce early prostate adenocarcinomas but are not sufficient to induce genetic instability or metastases with high penetrance. However, MYC

activation and PTEN deletion induced genomic instability and aggressive prostate cancer. (K) MYC promotes the development of mCRPC by

disrupting the transcriptional program of AR. PCa, Prostate cancer.

chromosome 10q23 and spans 200kb in full length (51). PTEN is
involved in tumor progress by inhibiting the phosphatidylinositol
3-kinase (PI3K)/serine-threonine kinase (AKT)/mammalian target
of the rapamycin (mTOR) pathway and its reduction or loss of
expression caused by methylation, mutation or deletion is closely
related to the occurrence and development of various tumors (52).
The PI3K/AKT/mTOR pathway is crucial for cell signal
transduction. PTEN enables dephosphorylate phosphatidylinositol
(3,4,5)-trisphosphate (PIP3) of PI3K/AKT/mTOR pathway to
generate Phosphatidylinositol (4,5)-bisphosphate (PIP2). When
PTEN is lost, PIP2 is phosphorylated to PIP3 by PI3K, activating
a series of kinases in the signaling pathway, including AKT. AKT
affects cell apoptosis through serine phosphorylation of Bcl-2-
associated death promoter (BAD) and Caspase-9, and influences
cell proliferation, differentiation, and survival through regulation of
transcription, translation, and cell cycle (53).

4.2 Role of PTEN in prostate cancer

The loss of PTEN promotes overactivation of the PI3K/AKT/
mTOR signaling pathway leading to cell transformation and
tumorigenesis (54). In a study on the PTEN deleted mouse model
of prostate cancer, a blockade of mTOR inhibited prostate
tumorigenesis in epithelial cells (55). Numerous studies have
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found that the occurrence of prostate cancer and its hormone-
independent transformation course are related to the loss of PTEN
gene expression (56, 57). Studies have shown that PTEN is absent in
15% to 20% of primary prostate cancers, and the frequency of PTEN
deletion is higher in CRPC and mCRPC tissues, reaching 40% to
60% (58). PTEN deletion is positively correlated with Gleason score,
pathological grade, clinical stage and metastasis of prostate cancer

(59). The above evidence suggests that PTEN loss is closely
associated with prostate cancer progression and tumorigenesis.

4.3 Emerging therapies and challenges

Several inhibitors (rapamycin analogs) targeting the PI3K/
AKT/mTOR pathway have been investigated to counteract the
mechanism by which PTEN deletion promotes prostate cancer
progression (60), but their antitumor effects have been
disappointing. Although rapamycin inhibited PI3K/AKT/mTOR
pathway, long-term treatment caused resistance and was not
suitable for monotherapy. Wang Y. et al. have found that
combination of rapamycin and bicalutamide (anti-androgenic
drug) improved anti-prostate cancer effect due to the suppression
of mTOR stimulated AR transcriptional activity (61). A clinical trial
for mCRPC demonstrated that the combination of the PI3K
inhibitor samotolisib with enzalutamide, which causes an
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improved PFS in mCRPC patients progressing on abiraterone,
median Prostate Cancer Clinical Trials Working Group criteria
(PCWG2)-PFS and rPFS was significantly longer in the samotolisib/
enzalutamide versus placebo/enzalutamide arm (3.8 vs. 2.8 months;
P = 0.003 and 10.2 vs. 5.5 months; P = 0.03), respectively (62).
Another phase 3 study combining the AKT inhibitor ipatasertib
with abiraterone acetate, which has shown a significant positive
impact on PFS in mCRPC patients with PTEN loss, in the 521
(47%) patients who had tumors with PTEN loss (261 in the placebo-
abiraterone group and 260 in the ipatasertib-abiraterone group),
median rPFS was 16.5 months (95% CI 13.9-17.0) in the placebo-
abiraterone group and 18.5 months (16.3-22.1) in the ipatasertib-
abiraterone group (hazard ratio [HR] 0.77 [95% CI 0.61-0.98];
p=0.034) (63). Combined AKT and androgen-receptor signaling
pathway inhibition is a potential treatment for men with PTEN-loss
mCRPC, a population with a poor prognosis. This result suggests
that combination therapy targeting multiple genes or pathways may
become a major direction for future prostate cancer treatment.
Moreover, several natural bioactive compounds including
afrocyclamin A, apigenin, arctigenin, curcumin, cryptotanshinone,
oridonin, salidroside, and vitexin were reported to target the PI3K/
AKT/mTOR pathway, however, some compounds are currently
under examination in clinical trials (64).

5 WNT

5.1 Mechanisms of WNT in cell
proliferation and apoptosis

WNT codes a family of proteins involved in the cell signaling
process. The WNT signaling pathway is a highly conserved signaling
pathway with multiple downstream channels stimulated by the binding
of WNT ligand proteins to membrane protein receptors. This pathway
plays a crucial in embryonic development, cell proliferation, cell
migration and apoptosis. Abnormalities in the WNT signaling
pathway are closely associated with the development and progression
of various diseases, including cancer (65).

The WNT/B-catenin pathway is the canonical pathway of WNT
signaling. Extracellular WNT signaling molecules prevent the
phosphorylation of B-catenin, allowing it to accumulate in the
cytoplasm. When the concentration of B-catenin in the cytoplasm
reaches a certain level, it translocated to the nucleus and combines
with the intracellular transcription factor T-cell factor/lymphoid
enhancer factor (TCF/LEF) to form a complex. This complex
activates the proto-oncogenes Cyclin D1 and ¢-MYC, leading to
tumor cell proliferation, differentiation and maturation (66).

5.2 Role of WNT in prostate cancer

Bisson, 1. and D.M. Prowse have shown that the WNT/B-
catenin signaling pathway is highly active in tumor stem cells and
may play a role in the self-renewal of prostate cancer stem cells (67).
Wang, B.E,, et al. have found that targeting prostate cancer stem
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cells with WNT/B-catenin signaling inhibitors has been shown to
enhance the therapeutic effect of prostate cancer treatments (68).
Similar to other genes, WNT signaling is strongly associated with
advanced prostate cancer, and Wang, Y., et al. have found that
WNT signaling promotes bone metastasis of prostate cancer (69).
In addition, B-catenin can interact with other pathways (AR) to
coordinate proliferation during tumor growth (70). The above
findings suggest that the WN'T/B-catenin signaling pathway plays
an important role in prostate cancer, especially advanced prostate
cancer. This feature may provide a key therapeutic target for the
treatment of advanced prostate cancer.

5.3 Emerging therapies and challenges

Currently, there is still no effective drug therapy targeting the
WNT/B-catenin signaling pathway. However, there are a number of
drugs in clinical trials. A new PB-catenin mimic small molecule
inhibitor, CWP232291, is currently in clinical trials. CWP232291
induce endoplasmic reticulum stress and cell apoptosis, ultimately
leading to B-catenin degradation (71). In addition, Cirmtuzumab and
Foxy-5 are in Phase 1 trials. Cirmtuzumab is a monoclonal antibody
that targets the receptor called RORI1 of the non-canonical Wnt
pathway and is suspected to contribute to prostate cancer growth
and progression (72). Foxy-5 mimic the effects of Wnt-5a to impair
migration of epithelial cancer cells and thereby acting anti-metastatic
(73). Given the correlative role of the wnt pathway with AR and MYC,
combination therapy with an AR inhibitor or a MYC inhibitor may be
useful in the treatment of advanced prostate cancer in the future.

6 p53

6.1 Mechanisms of p53 in cell cycle and
DNA repair

The p53 gene is an important tumor suppressor gene in human
cancer, first identified in extracts of transformed cells (74). It plays a
vital role in regulating cell cycle and DNA repair. p53 regulate both
the GI-S phase (75) and the G2-M arrest (76), thus providing a
checkpoint function and repair of genes in the cell cycle. In terms of
apoptosis, p53 can induce apoptosis by directly activating its
downstream apoptotic genes, such as Bax, Puma and Noxa, etc.
in cells that fail to repair DNA damage (77).

6.2 Role of p53 in prostate cancer

Deletion of p53 or loss of function due to p53 mutations is
detectable in many cancers (78). There are various types of p53
mutations in prostate cancer, including deep deletion, Fusion,
shallow deletion, missense mutation, truncating mutation, splice
mutation, in-frame mutation and amplification (79). Cotter et al.
found that in localized prostate cancer the mutation types of p53 were
mainly deep deletion and mutation, while in advanced prostate
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cancer the mutation types of p53 were deep deletion, mutation and
amplification (80). The incidence of p53 mutations is not the same at
different stages of prostate cancer, ranging from 31.4% in CRPC to
66.7% in neuroendocrine prostate cancer (81-83). Wang, Y., et al.
found that p53 deletion promotes invasion and metastasis in
advanced prostate cancer, via enhancing the FAK-Src signaling
pathway (84). Actually, p53 mutations occur not only in the
advanced stage of prostate cancer but also in its early stage (85).
The frequency of these mutations gradually increases as the cancer
progresses, reaching the highest level in CRPC (77, 86). These
findings suggest that p53 plays a key role in multiple stages of
prostate cancer development. In addition, Fonseca, G.N., et al. have
shown that the expression of mutant p53 is positively correlated with
tumor staging (87). More p53 mutations are found in metastatic
prostate cancers than in early-stage prostate cancers, making p53 a
potential independent predictor of recurrence of low- and
intermediate-grade prostate cancers (88).

In 2006, a study specifically knocked out the Rb and p53 genes
in mouse prostate epithelium, and found that after knocking out the
Rb gene or p53 gene alone, mice could only develop prostate
intraepithelial neoplasia (PIN), but could not develop prostate
cancer (89). Only after the simultaneous knockout of Rb and p53
genes, the mice can develop prostate cancer and become highly
metastatic (89). It suggests that the loss of Rb and p53 may play a
synergistic role in the development and progression of prostate
cancer. In a recent study, it was found that in prostate cancer with
p53 and Rb deletion, overexpression of the transcription factor
SOX2 can mediate lineage plasticity, thereby enabling prostate
cancer to evade targeted therapies and lead to CRPC (90). In
addition, the deletion of PTEN and p53 can also lead to changes
in the lineage of prostate cancer, resulting in the formation of CRPC
(91, 92). Ku, S.Y,, et al. have found that Rb loss facilitates lineage
plasticity and metastasis of prostate adenocarcinoma initiated by
PTEN mutation, additional loss of p53 causes resistance to
antiandrogen therapy (93). These results indicate that the lineage
change of prostate cancer is involved in the deletion of multiple
genes, and the specific mechanism of the lineage change of prostate
cancer remains to be further studied. This also makes the treatment
of advanced prostate cancer more difficult and complex.

Androgen castration is a common treatment for prostate cancer,
but most cancers eventually develop androgen independence.
Relevant studies have proved that the loss of p53 is associated with
CRPC. Inhibition of p53 expression can reduce AR-mediated signal
transduction, while overexpression of wild-type p53 can reduce
androgen function (94). This is because p53 overexpression inhibits
androgen-induced transactivation of NKX3.1 by repressing the
promoter of the AR gene and blocking AR-DNA binding activity
(95). Therefore, the basic physiological level of wild-type p53 is
necessary for AR signal and has a protective effect on it, but the
balance between p53 and AR is eliminated as cancer progresses (94),
and deletion of p53 leads to androgen-induced transactivation of
NKX3.1, which promotes prostate cancer progression. AR also
promotes the inactivation of p53. A Study in 2017 showed that AR
can induce the translocation of p53 from the nucleus to the cytoplasm
via the downstream target gene G3BP2, thereby inhibiting the
function of p53 (96).
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6.3 Emerging therapies and challenges

p53 inactivation may limit the effectiveness of radiation therapy
in localized prostate cancer because the effectiveness of treatment
relies on p53-mediated cell senescence and apoptosis.
Consequently, the p53 pathway can be used as a specific target to
enhance the radiosensitivity of prostate cancer cells. For example,
using potent radiosensitizers for prostate cancer cells that retain the
functional allele of p53 can improve the efficacy of radiation therapy
(97). For p53-deficient CRPC, flubendazole is a well-known anti-
malarial drug and a potential anti-tumor drug that has been shown
to induce cell cycle arrest in the G2/M phase, promote cell death in
vitro by inducing p53 expression, and inhibit the growth of CRPC
tumors in xenograft models (98). But these drugs have had limited
clinical trials and their safety has not been proven, there are still
many challenges in the treatment of advanced prostate cancer. The
findings that p53 interacts with Rb, PTEN and AR in advanced
prostate cancer, and synergizes with Rb in the development of
prostate cancer, have important implications for the treatment of
advanced prostate cancer, and that exploring gene interactions and
combining therapies may be of immense help in addressing drug
resistance in advanced prostate cancer.

7 MYC

7.1 Mechanisms of MYC in cell proliferation
and apoptosis

The MYC family of proto-oncogenes consists of three
homologs: ¢-MYC (MYC), n-MYC (MYCN), and I-MYC
(MYCL), located on chromosomes 8, 2, and 1, respectively.
Although MYC family genes encode proteins with similar
structural architecture and function, different timing of expression
and tissue specificity is exhibited during development (99-101).
These genes are involved in regulating integral gene expression and
key cellular processes including proliferation, differentiation, cell
cycle, metabolism and apoptosis.

7.2 Role of MYC in prostate cancer

c-MYC (MYC) is a major promoter of prostate cancer
tumorigenesis and progression (102, 103). Under normal
conditions, its expression and function are strictly controlled, but
overexpression of MYC is frequently observed in prostate cancer
(104). Amplification of MYC has been reported to be associated with
aggressiveness and poor prognosis in prostate cancer (103). Studies
have shown that MYC overexpression in normal luminal cells of the
mouse prostate is sufficient to cause PIN and prostate cancer (105,
106). This indicates that dysregulated MYC protein expression is a
key oncogenic event driving prostate carcinogenesis. Furthermore,
overexpression of MYCN mediates the transformation of CRPC to
neuroendocrine prostate cancer (107).

The interplay of MYC with other signaling pathways also exerts a
significant role in the development of prostate cancer. Overexpression
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of MYC leads to the pausing of RNA polymerase II at the promoter-
proximal regions of AR-dependent genes, disrupting the AR
transcriptional program promote the initiation and progression of
prostate tumors (102). Arriaga et al. have recently reported a MYC
and RAS co-activation signature associated with metastatic
progression and failure to anti-androgen treatments (108). Gretchen
et al. found that MYC activation and PTEN deletion in mouse prostate
luminal cells induced genomic instability and aggressive prostate
cancer in the absence of induced telomere dysfunction or p53 loss
of function (109). These studies indicate that MYC can cooperate with
other pathways to promote the development of prostate cancer.

7.3 Emerging therapies and challenges

Given its key role in prostate cancer, MYC is considered a
potential therapeutic target. MYC inhibitors that disrupt MYC and
Max dimerization sensitize enzalutamide-resistant prostate cancer
cells to growth inhibition by enzalutamide (110). Bromodomain
extra-terminal enhancer inhibitors can affect MYC transcription by
targeting upstream MYC pathways and have shown preclinical
efficacy in MYC-driven CRPC models (111, 112). Kirchner et al.
reported that inhibition of PIM, a family of serine-threonine kinase,
with the pan-PIM kinases inhibitor AZD-1208 was effective in
limiting MYC-driven lesion progression (113). Additionally, a study
found that dual inhibitors targeting MYCN and Aurora A kinase
(AURKA) could be potential therapies for neuroendocrine prostate
cancer (114). Despite these advances, there are still no clinically
approved drugs targeting MYC for the treatment of prostate cancer.

8 Discussion

In recent years, the incidence of prostate cancer has been
steadily increasing. The continuous proliferation and metastasis
of prostate cancer cells are critical clinical features and the main
causes of mortality in advanced prostate cancer. These processes are
regulated by a series of genetic alterations (Table 1). It is challenging
to elucidate the mechanisms underlying prostate cancer through a
single gene mutation or deletion.

The development of prostate cancer involves complex
interactions among multiple genes and pathways (Figure 2). The
molecular mechanisms involving the interaction among multiple
genes and pathways remain to be further explored. Further
investigation into the synergistic effects of Rb and p53, MYC and
PTEN, and WNT and AR in prostate cancer, as well as the
identification of common downstream target genes among these
interacting genes or pathways, could lead to the discovery of novel
targeted therapies. Such research may offer new avenues for treating
CRPC and addressing the lineage plasticity of prostate cancer.
Currently, resistance to prostate cancer treatment remains a
significant challenge. There are many ongoing clinical trials
targeting different genes and pathways for the treatment of
different stages of prostate cancer, but they still have different
limitations, which further suggests that it is critical to explore the
interactions of multiple genes and pathways (Table 2).
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The co-deletion of Rb, PTEN and p53 has been shown to confer
resistance to antiandrogen therapy. By exploring the molecular
mechanisms associated with this co-deletion, we may uncover more
effective and sensitive tumor markers and therapeutic targets,
thereby improving treatment strategies for advanced prostate
cancer. There is still no effective solution to the problem of
chemotherapy drug resistance in advanced prostate cancer, but in
breast cancer it has been found that drug resistance can be solved
through multigene interactions. In HR+/HER2-advanced breast
cancer, the medical community has been exploring new
therapeutic options for patients who develop resistance after
CDK4/6 inhibitors combined with endocrine therapy. Some
researchers have found that PI3K pathway inhibitors can alleviate
resistance to chemotherapy drug, CDK4/6 inhibitors, in advanced-
stage patients. In patients with HR/HER2-advanced breast cancer
after progression on the CDK4/6 inhibitor, the patients who applied
endocrine therapy in combination with the mTOR inhibitor had a
median PFS benefit of 5.1 months (115). This evidence suggests that
exploring the mechanisms of multigene interactions could help
address chemotherapy resistance in advanced tumors.

In addition to the genes discussed in above, there are a number
of genes associated with prostate progression. For example, breast
cancer susceptibility gene 1 (BRCA1) and breast cancer
susceptibility gene 2 (BRCA2) have been shown to be closely
associated with prostate cancer aggressiveness and patient
prognosis (116). Both are oncogenes, which can regulate the cell
cycle through synergistic effects with other repair mechanisms in
the organism and other oncogenes, ensuring the proliferation and
apoptosis of normal cells (117). The correlation between BRCA
mutation and prostate cancer is still in the research stage, and it is
controversial whether BRCA mutation carriers are the high-risk
group for prostate cancer, and at present, there is no evidence to
show the most suitable method for the treatment of BRCA
mutation-associated prostate cancer. Studies have shown that
BRCA mutation carriers in the mCRPC population have better
treatment outcomes compared to non-carriers, and that patients
with either BRCAI or BRCA2 mutations benefit from treatment
with abiraterone or enzalutamide (118). Therefore, exploring the
interrelationships of BRCA1 or BRCA2 with other genes and
pathways may offer further assistance in the treatment of BRCA
mutation-associated prostate cancer.

Src/Ras/extracellular signal-regulated kinase (Erk) pathway also
associated with prostate cancer progression. Src is a non-receptor
protein tyrosine kinase (119). Src could activate multiple
downstream signaling pathways, including the PI3K/AKT
pathway and the Ras/Erk pathway, which are important for cell
proliferation and DNA synthesis (120, 121). In prostate cancer cells,
androgens trigger the binding of AR to Src, this interaction activates
Src/Ras/Erk pathway and affects G1 to S cell cycle progression
(122). Migliaccio et al. identified an amino acid peptide that inhibits
the AR/Src interaction, which inhibits the binding of AR to Src and
the activation of the Src/Ras/Erk pathway (123). However, the
peptide had no such inhibitory effect in AR-negative prostate
cancer cell lines, suggesting that the peptide can only inhibit the
androgen receptor-dependent Src pathway in prostate cancer. In
addition, Src/Ras/Erk plays an important role in breast cancer,
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TABLE 2 The clinical trials that are ongoing to treat prostate cancer at different stages.

Gene PCa (Phase) CPRC (Phase)
Apalutamide (2)
NCTO01790126 Enzalutamide (3)
AR Goserelin (2) NCT00298155 NCT00974311

ARN-509 (2) NCT01790126
SHR3680 (3) NCT03520478

Abemaciclib (1/2)
Rb (CDk4/6) NCT05617885 -

Apalutamide (4) NCT04108208

MCRPC (Phase) Limitations

Enzalutamide (4) NCT02116582
ARV-110 (1/2) NCT03888612

Apalutamide (1) NCT03523442

JNJ-56021927 (1) NCT02162836
TRC253 (1/2) NCT02987829
ARV-110 (1) NCT05177042

Inevitability of castration resistance

Palbociclib (2) NCT02905318
Ribociclib (1/2) NCT02494921
Abemaciclib (2/3) NCT03706365
TQB3616 (2) NCT05156450

Limited clinical trials
Questionable safety profile

Perifosine (2) NCT00060437

PTEN LY3023414 (2) NCT02407054 GSK2636771(1) NCT02215096 Limited clinical trials
AZD2014 (1) NCT02064608 . . . .
(PI3K/AKT) AZD8186 (1) NCT01884285 Afuresertib (1/2) NCT04060394 Biomarkers needed for patient selection
Ipatasertib (3) NCT03072238
y . y Bone-related toxicity
WNT FOXY-5 (1) NCT02020291 - Cirmtuzumab (1) NCT05156905 oneTERee ome
Limited clinical trials
APR-246 (1) NCT00900614
( ) o Limited clinical trials
p53 PC14586 (1/2) NCT04585750 - Arsenic trioxide Questionable safety profile
(2) NCT00004149 yP
MYC - - ZEN-3694 (2) NCT04471974 Limited clinical trials

which has led to several studies of Src inhibitors (124). In an
ongoing phase 2 trial in prostate cancer, the effect of combining an
Src inhibitor with an AR inhibitor versus an AR inhibitor alone on
the development of EMT in prostate cancer was compared, but no
definitive results have been published (125).

In recent years, the development of immune checkpoint inhibitors
(ICIs) has transformed the treatment landscape for various
genitourinary malignancies. ICIs are innovative tumor therapeutic
agents that restore the body’s anti-tumor immunity by blocking the
tumor immune escape mechanism. However, the efficacy of ICIs in
prostate cancer remains limited, especially in cases of CRPC, which is
challenging to control with traditional therapies. Prostate cancer is
often considered an “immune-cold” tumor, characterized by a tumor
microenvironment with low immune activity, low tumor mutational
burden, interferon signaling dysregulation, and a complex
microenvironment, making it less responsive to monotherapy with
immunotherapy (126, 127). Recent studies have reported interactions
between genetic mutations and immune checkpoints in prostate
cancer, indicating that the loss of PTEN and p53 induces the
expression of B7-H3, an immune checkpoint molecule, and that
elevated B7-H3 contributes to tumor growth and immune
suppression of T cells and NK cells in PTEN/p53-deficient tumors
(128). Additionally, anti-angiogenesis therapy not only prunes blood
vessels essential for cancer growth and metastasis but also reprograms
the tumor immune microenvironment (129). Consequently,
combination therapy with ICIs and anti-angiogenesis agents can
effectively induce tumor regression in some cancer patients.
Nevertheless, achieving durable remission remains challenging for
advanced prostate cancer patients. Further research has revealed a
connection between gene mutations and anti-angiogenic therapy. In
prostate cancer, restoring PTEN activity by inhibiting the PI3K-Akt
pathway can re-sensitize cancer cells to anti-angiogenic therapy (130).
AR can upregulate epidermal growth factor receptor expression in

Frontiers in Oncology

prostate cancer cells (131). These findings suggest that further
exploration into the relationship between genomic mutations,
immune checkpoints, and anti-angiogenesis may offer innovative
approaches to prostate cancer treatment.

The treatment for patients with metastatic prostate cancer
includes radiopharmaceuticals in addition to the drugs listed above.
There are many types of radiopharmaceuticals used in mCRPC
patients. Strontium-89 (89Sr) has been shown to be very effective in
the treatment of patients with chemotherapy-refractory bone
metastases (132). Samarium-153 (153Sm) lexidronam (EDTMP) has
also been shown to provide significant pain relief in patients with bone
metastases (133). The most recent radiopharmaceutical available is
lutetium-177 (177Lu). The newest radiopharmaceutical currently on
the market is lutetium-177 (177Lu)-PSMA-617, which was approved
on 23 March 2022 by the US Food and Drug Administration. Patients
are eligible for this treatment if they have mCRPC, have been
previously treated with Androgen pathway inhibitors (ARPI) and
type chemotherapy, and have positive prostate-specific membrane
antigen (PSMA) imaging, indicating PSMA expression in metastatic
lesions (134). More research into PSMA-targeted therapies is currently
underway. Over the next decade, radiopharmaceuticals may play a
central role in the treatment of patients with advanced prostate cancer.

9 Conclusion

Rb, PTEN, WNT, p53, MYC and AR and their interactions play
important roles in regulating prostate cancer development.
Investigating the mechanisms of interaction between various
pathways and genes can help to identify new common target
genes and provide more effective therapeutic strategies to address
drug resistance in CRPC. In addition, treatment of these genes and
pathways in combination with immune checkpoints, anti-
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angiogenesis and radiopharmaceuticals may offer innovative
approaches to prostate cancer treatment. Such insights could
inform the selection of therapeutic strategies, thereby establishing
a robust foundation for the treatment of prostate cancer.
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