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Construction of a prognostic model =0

for gastric cancer based on immune infiltration
and microenvironment, and exploration
of MEF2C gene function
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Abstract

Background Advanced gastric cancer (GC) exhibits a high recurrence rate and a dismal prognosis. Myocyte
enhancer factor 2c (MEF2C) was found to contribute to the development of various types of cancer. Therefore, our
aim is to develop a prognostic model that predicts the prognosis of GC patients and initially explore the role of MEF2C
in immunotherapy for GC.

Methods Transcriptome sequence data of GC was obtained from The Cancer Genome Atlas (TCGA), the Gene
Expression Omnibus (GEO) and PRIEB25780 cohort for subsequent immune infiltration analysis, immune microenvi-
ronment analysis, consensus clustering analysis and feature selection for definition and classification of gene M and N.
Principal component analysis (PCA) modeling was performed based on gene M and N for the calculation of immune
checkpoint inhibitor (ICl) Score. Then, a Nomogram was constructed and evaluated for predicting the prognosis

of GC patients, based on univariate and multivariate Cox regression. Functional enrichment analysis was performed

to initially investigate the potential biological mechanisms. Through Genomics of Drug Sensitivity in Cancer (GDSC)
dataset, the estimated ICs, values of several chemotherapeutic drugs were calculated. Tumor-related transcription fac-
tors (TFs) were retrieved from the Cistrome Cancer database and utilized our model to screen these TFs, and weighted
correlation network analysis (WGCNA) was performed to identify transcription factors strongly associated with immu-
notherapy in GC. Finally, 10 patients with advanced GC were enrolled from Sun Yat-sen University Cancer Center,
including paired tumor tissues, paracancerous tissues and peritoneal metastases, for preparing sequencing library,

in order to perform external validation.

Results Lower ICl Score was correlated with improved prognosis in both the training and validation cohorts.

First, lower mutant-allele tumor heterogeneity (MATH) was associated with lower ICl Score, and those GC patients
with lower MATH and lower ICl Score had the best prognosis. Second, regardless of the T or N staging, the low ICl
Score group had significantly higher overall survival (OS) compared to the high ICl Score group. For its mechanisms,
consistently, for Camptothecin, Doxorubicin, Mitomycin, Docetaxel, Cisplatin, Vinblastine, Sorafenib and Paclitaxel, all
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of the ICq, values were significantly lower in the low ICl Score group compared to the high ICl Score group. As a result,
based on univariate and multivariate Cox regression, ICl Score was considered to be an independent prognostic factor
for GC. And our Nomogram showed good agreement between predicted and actual probabilities. Based on CIB-
ERSORT deconvolution analysis, there was difference of immune cell composition found between high and low ICI
Score groups, probably affecting the efficacy of immunotherapy. Then, MEF2C, a tumor-related transcription factor,
was screened out by WGCNA analysis. Higher MEF2C expression is significantly correlated with a worse OS. Moreover,
its higher expression is also negatively correlated with tumor mutation burden (TMB) and microsatellite instability
(MSI), but positively correlated with several immunosuppressive molecules, indicating MEF2C may exert its influence
on tumor development by upregulating immunosuppressive molecules. Finally, based on transcriptome sequencing
data on 10 paired tumor tissues from Sun Yat-sen University Cancer Center, MEF2C expression was significantly lower
in paracancerous tissues compared to tumor tissues and peritoneal metastases, and it was also lower in tumor tissues
compared to peritoneal metastases, indicating a potential positive association between MEF2C expression and tumor
invasiveness.

Conclusions Our prognostic model can effectively predict outcomes and facilitate stratification GC patients, offer-
ing valuable insights for clinical decision-making. The identified transcription factor MEF2C can serve as a biomarker

for assessing the efficacy of immunotherapy for GC.

Keywords Gastric cancer (GC), Prognostic model, Transcriptome sequencing, Immune microenvironment,
Immunotherapy, Transcription factor (TF), Myocyte enhancer factor 2c (MEF2C), Biomarker

Background

Gastric cancer (GC) is a heterogeneous disease influenced
by various factors, including genetic and environmental
factors, with its exact etiology unclear. The Lauren clas-
sification system is commonly used to categorize GC into
two main histological subtypes: intestinal and diffuse [1].
According to the 2020 data released by the International
Agency for Research on Cancer, GC constitutes 5.6% of all
new cancer cases and accounts for 7.7% of total cancer-
related deaths worldwide [2]. Despite a declining trend
in mortality rates in most regions, the annual incidence
of GC still exceeds one million cases [3]. The prognosis
for early-stage and advanced GC differs significantly; the
5-year survival rate after early-stage surgery can exceed
90%, whereas advanced GC exhibits a high recurrence
rate [4] and a dismal prognosis with the median overall
survival (OS) of less than 12 months [5, 6].

Currently, neoadjuvant chemotherapy, molecular
targeted therapy and immunotherapy are the primary
modes of treatment. Neoadjuvant chemotherapy involves
administering drugs prior to surgery to reduce tumor size
and facilitate surgical resection. Localized neoadjuvant
chemotherapy has been shown to significantly reduce
tumor stage, improve surgical success rates, and prolong
patient survival [6]. Wilke previously demonstrated that
cisplatin is highly effective in preoperative drug treat-
ment for locally advanced GC, offering a chance for sur-
gical intervention in patients with a poor prognosis [7].
However, a precise understanding of the timing of neo-
adjuvant chemotherapy is crucial, as it can impact subse-
quent surgical resection and potentially result in missed
optimal surgical opportunities. This places significant

demands on medical personnel. Furthermore, the sys-
temic toxicity induced by chemotherapy poses a signifi-
cant obstacle to treatment.

In comparison to neoadjuvant chemotherapy, molecu-
lar targeted therapy offers the advantage of targeted drug
delivery at the site of disease, thereby minimizing damage
to normal tissue [8]. The fundamental principle behind
molecular targeted therapy is the utilization of drugs that
specifically target some molecules to block signals that
promote cancer cell growth, interfere with the regula-
tion of cell cycle and induce cell death, with the aim of
inhibiting or eliminating cancer cells [9]. Currently, the
common molecular targeted therapies for GC treatment
are: (1) Epidermal growth factor receptor (EGFR) block-
ade, which inhibits tumor proliferation, invasion, and
distant metastasis; (2) Vascular endothelial growth fac-
tor (VEGF) blockade, which prevents tumor angiogen-
esis and consequently inhibits tumor growth [6]. Most
targeted drugs presently only impact a single target, how-
ever, single-pathway targeted therapy may be insufficient
for impeding tumor progression.

The immune system assumes a critical role in tumor
development and metastasis [10, 11] by discerning tumor
cells from normal cells based on distinctions in their bio-
chemical composition, antigen structure, and biologi-
cal behavior, consequently triggering recognition by the
innate immune system. Antigen-presenting cells, such
as dendritic cells, present antigens to activate CD4* and
CD8* T cells within the adaptive immune system, facili-
tating their infiltration and subsequent elimination of
tumor cells [12, 13]. Tumor cells release tumor-associ-
ated antigens, which are continuously recognized and



Wang et al. BMC Medical Genomics (2025) 18:13

captured, leading to the formation of a tumor immune
cycle [13]. The current objective of immunotherapy
for GC and other cancers is to restore a balance within
the human immune system in order to eliminate tumor
cells [14]. This is primarily achieved through the use of
monoclonal antibodies [15, 16] and immune checkpoint
inhibitors (ICIs). Currently, FDA-approved IClIs include
CTLA-4, PD-1, and LAG-3 [14, 17]. The interaction
between the immune system and tumor cells progresses
through three stages: elimination, balance and escape.
During the escape stage, tumor cells express immuno-
suppressive molecules on their surface to evade T cell
recognition [12, 18]. Consequently, inhibiting tumor cell
development becomes challenging under substantial
physiological burden.

The prognosis for GC is especially grim in advanced
stages, with the median OS of 10~12 months [19].
Researchers have constructed several prognostic predic-
tion models for GC to facilitate targeted treatment for
better outcomes. Yang et al. utilized cluster analysis and
principal component analysis (PCA) to screen six lactic
acid-related genes associated with GC development and
created a model that predicts malignant progression and
prognosis of GC [16]. Yu et al. constructed a prognostic
model for GC by using multivariate Cox regression anal-
ysis. This model incorporates eight survival-associated
genes (RNASE2, CGBS, INHBE, DUSP1, APOAI, CD36,
PTGER3, CTLA4) to predict prognosis and identify
patients who may benefit from ICIs [20]. Furthermore,
ferroptosis, a non-apoptotic cellular death mechanism, is
intricately linked to cancer development. Wei et al. devel-
oped a “4-ferroptosis-related IncRNA signature model”
to accurately predict the prognosis of GC patients by
analyzing IncRNA associated with ferroptosis and related
to prognosis [21].

Myocyte enhancer factor 2c (MEF2C) is one of the
transcriptional factors in the MADS-BOX family, having
a critical function in the differentiation of cardiomyocytes
[22, 23] and development of the nervous system [24, 25].
Human MEF2C gene is located on chromosome 5q14.3,
encoding a protein encompassing five core domains
(MADS, MEF2, TAD1, TAD2 and NLS domains) [26,
27]. Research findings indicate that MEF2C-mediated
transcriptional regulation of interleukin 12 (IL-12) is
imperative for macrophage phenotypic polarization
and related immune pathologies. A previous study pub-
lished in Cell Research demonstrated that transfection
of a dominant negative form of MEF2C protects primed
macrophage from cell death triggered by lipopolysac-
charide [28]. Furthermore, M1 macrophages exert their
pro-inflammatory effects by secreting cytokines such as
IL-12 and IL-23, which contribute to the promotion of
Thl response (Thl response refers to a specific type of
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immune response mediated by T-helper cells, particu-
larly Th1 cells) [29-32] and cytotoxicity against tumor
cells [33]. Moreover, MEF2C has been implicated in the
pathogenesis of various cancers, including hepatocel-
lular carcinoma [34], pancreatic ductal adenocarcinoma
[35] and rhabdomyosarcoma [36]. Epithelial-mesenchy-
mal transition (EMT) plays a crucial role in the invasion
and metastasis of tumor cells [37]. Studies have demon-
strated that MEF2C enhances invasiveness in hepatocel-
lular carcinoma by upregulating transforming growth
factor-beta 1 (TGF-B1) expression and promoting EMT
[38]. Another research indicated that high expression of
MEF2C led to poor event-free survival and OS in Indian
T-acute lymphoblastic leukemia, and is a predictor of
patient outcome [39]. And MEF2C overexpression was
indicator for poor outcome in adult patients with acute
myeloid leukemia by driving immune escape [40]. These
findings suggest that MEF2C may also contribute to the
development of other types of cancer. However, there is
currently a dearth of research investigating the impact of
MEF2C on the progression of GC and the prognosis of
GC patients.

Therefore, our aim is to develop a prognostic model
that predicts the prognosis of GC patients and initially
explore the role of MEF2C in immunotherapy for GC,
hoping to provide some insights for clinical treatment
strategies. The study workflow is presented in Fig. 1.

Materials and methods

Data download

In this study, we obtained transcriptome sequence data
of GC from The Cancer Genome Atlas (TCGA) official
website  (https://portal.gdc.cancer.gov/), and subse-
quently converted the FPKM (Fragments Per Kilobase
of transcript per Million mapped reads) data into the
TPM (Transcripts Per Million) data. Additionally, we
acquired the GSE84437, GSE26253, GSE26942 datasets
of GC from the Gene Expression Omnibus (GEO) offi-
cial website (https://www.ncbi.nlm.nih.gov/geo/). To
eliminate batch effects, we employed SVA package [41]
for data integration and merging of the two datasets. Fur-
thermore, we downloaded transcriptome data from the
PRJEB25780 cohort [42], which consists of GC patients
treated with anti-PD-1 therapy. These transcriptome data
were reprocessed and expression profiles were quantified
for further analysis [43].

Patients and specimens

We enrolled 10 patients with advanced GC from Sun Yat-
sen University Cancer Center, including paired tumor
tissues, paracancerous tissues and peritoneal metastases.
These tissues were ground in liquid nitrogen and then
TRIZOL Reagent was added. After incubation at room
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Fig. 1 The workflow of the whole study. (First, data download from public data sets; second, model construction using a series of bioinformatics
methods; third, internal validation based on public data sets and external validation based on transcriptome sequencing data of paired tissues
from Sun Yat-sen University Cancer Center; fourth, function and mechanism exploration of MEF2C using a series of bioinformatics methods.)

temperature for 5min, add 200uL chloroform and vigor-
ously shake for 15s. Subsequently, the mixture was incu-
bated at room temperature for 10min and centrifuged at
12,000rpm at 4°C for 15min. The aqueous phase contain-
ing RNA in the upper layer was transferred to a new tube
and 500puL isopropanol was added for RNA precipitation.
After incubation at room temperature for 10min and
centrifugation at 12,000rpm at 4°C for 15min, the super-
natant was discarded. The RNA precipitation was washed
with 1mL of 75% ethanol, then centrifuged at 7,500rpm at
4°C for 5min. Dissolve the RNA in 20uL of DEPC water,
and the concentration of RNA was determined using a
spectrophotometer. Next, mRNA was enriched and puri-
fied using Oligo dT beads and fragmented. A poly-A tail
was added to the 3’ ends, followed by ligation of sequenc-
ing junctions. Gel purification was performed to recover
c¢DNA fragments ranging from 200 to 500bp. After PCR
amplification, the sequencing library was prepared. The

quality of the library was assessed, and sequencing was
performed using Illumina HiSeq 2500 with the output
in fastq format. Prior to participation in this study, all
patients provided informed consent for the use of their
information and specimens for research purposes.

Immune infiltration analysis

To evaluate the abundance of tumor infiltrating immune
cells (TIICs) in each sample and elucidate the tumor
immune microenvironment, we utilized the CIBERSORT
algorithm. This immunological computational approach
relies on a gene expression signature matrix compris-
ing various annotated genes [44]. By employing linear
support vector regression (SVR) as a machine learning
method, it enables the deconvolution of gene expression
profiles. Prior to CIBERSORT analysis, the original gene
expression data from TCGA and GEO were subjected
to normalization. Subsequently, we obtained a matrix
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of TIIC infiltration comprising 22 immune cell subtypes
using the CIBERSORTx website (https://cibersortx.stanf
ord.edu/). To enhance the accuracy of the deconvolution
algorithm, we further considered the p-value and root
mean square error provided by CIBERSORT, setting a fil-
tering criterion of P<0.05.

Immune microenvironment analysis

The ESTIMATE algorithm leverages the distinct tran-
scriptional profiles of cancer samples to estimate the
composition of tumor cells and infiltrating normal cells
[45]. It specifically targets stromal cells and immune cells,
as they represent the primary non-tumor constituents
within tumor samples and exhibit characteristic signaling
patterns associated with their infiltration into the tumor
microenvironment. Ultimately, the algorithm predicts
the abundance of infiltrating stromal and immune cells
by calculating matrix and immune scores.

Consensus clustering analysis

Consensus clustering is a technique used to integrate the
outputs of multiple clustering algorithms. The primary
objective of clustering aggregation is to identify a single
consensus cluster, which is deemed more appropriate
than the existing clusters obtained from various input
datasets. In this study, we employed the consensus clus-
tering to conduct an initial analysis of the results gener-
ated by the CIBERSORT and ESTIMATE algorithms.
CIBERSORT and ESTIMATE packages were applied to
calculate immune cell content and tumor microenviron-
ment scores. Then we used the “ConsensusClusterPlus”
package for consensus “clustering (reps =50, pltem=0.8,
pFeature=1, clusterAlg="“km”). The cumulative distri-
bution function and consensus heat map were used to
evaluate the optimal number of clusters, and the opti-
mal k value was 5. We utilized the limma package [46]
to compare different subtypes of clustering and applied
|logFC|>1 and P<0.05 as selection criteria for identifying
differential expression genes. We extracted the expres-
sions of differential genes and then performed clustering
again using the same method described above. “Consen-
susClusterPlus” package was applied again for consensus
clustering (reps=50, pltem=0.8, pFeature=1, cluster-
Alg="km”). The cumulative distribution function and
consensus heat map were used to evaluate the optimal
number of clusters, and the optimal k value was 4. We
then calculated the correlation between gene clustering
and gene expression levels. Genes that display a posi-
tive correlation between their clustering results and gene
expression levels are classified as gene M, while those
that show an inverse correlation are classified as gene N.
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Feature selection by boruta package

Boruta is a specialized feature selection method, specifi-
cally a permutation-based calculation approach within
the framework of random forest [47]. Feature selection
plays a pivotal role in predictive modeling, particularly
when working with datasets containing multiple vari-
ables for model construction. The algorithmic concept
of Boruta involves shuffling the original real features to
construct shadow features. The real features and shadow
features are concatenated together to form a feature
matrix, which is then used for training. Ultimately, the
feature importance score of the shadow features serves as
the reference baseline for selecting a subset of real fea-
tures that are truly correlated with the dependent varia-
ble. We employed the Boruta algorithm to further screen
the differential expression genes obtained previously,
which were subsequently utilized for subsequent PCA
modeling.

Enrichment analysis

ClusterProfiler, a robust bioinformatics tool, facili-
tates the rapid exploration of functional characteris-
tics in numerous species by leveraging current gene
annotation data, encompassing both coding and non-
coding genomic information [48]. This tool offers a ver-
satile interface to acquire gene function annotation from
diverse sources, enabling flexible utilization across vari-
ous application scenarios. In this study, we utilized the
clusterProfiler package to conduct Gene Ontology (GO)
and Kyoto Encyclopedia of Genes and Genomes (KEGG)
enrichment analysis separately for gene M and gene N,
which were previously identified through Boruta feature
selection. We set the significance threshold at P<0.05 for
filtering purposes.

Gene set enrichment analysis (GSEA), also referred to
as functional enrichment or pathway enrichment analy-
sis, involves grouping genes together based on their
participation in the same biological pathway or their
proximity on the chromosome. The predefined sets
of genes for this analysis can be accessed through the
Molecular Signatures Database (MSigDB) (https://www.
gsea-msigdb.org/gsea/msigdb). In this study, we down-
loaded the KEGG gene set and performed GSEA enrich-
ment analysis to investigate the differences in enriched
pathways based on high or low model scores.

PCA modeling

Principal component analysis (PCA) is a widely
employed method for analyzing large datasets contain-
ing numerous dimensions or features per observation
[49]. It aims to enhance data interpretability and preserve
maximum information while enabling visualization of
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multi-dimensional data. PCA is a statistical technique
that accomplishes dimensionality reduction by linearly
transforming the data into a new coordinate system,
wherein most variations can be described with fewer
dimensions than the original data. In this study, we per-
formed PCA dimensionality reduction on gene M and
gene N, and then use the “Predict” function to predict the
values of principal components, and selected a column
of values that best represent the principal components of
gene M and gene N, and took the difference to construct
the ICI score model, as shown in the following formula:

ICI Score = PCA1 (geneM ) — PCAl(geneN)

Mutant-allele tumor heterogeneity (MATH) Scoring

The calculation of MATH score was done through the
“infraHeterogeneity” function in the “maftoos” package.
It was calculated based on individual samples. The lower
the tumor heterogeneity, the lower the MATH score, and
the lower the ICI score.

Construction and evaluation of nomogram

Nomogram is extensively utilized in cancer prognosis
due to their ability to simplify statistical prediction mod-
els into a singular numerical estimation of event prob-
ability, such as death or recurrence, tailored to individual
patient characteristics. Following univariate Cox regres-
sion analysis, multivariate Cox regression analysis was
employed to identify independent prognostic factors
for constructing a prognostic Nomogram map using the
“rms” package in R [50]. The clinical factors incorporated
in our nomogram included age, sex, T stage, N stage and
model score. Subsequently, the calibration curve was
generated using the “regplot” package in R [51]. This
curve serves to compare the predicted probability of OS
with the actual OS probability derived from the Nomo-
gram, thereby visually assessing the discriminative capa-
bility of the line chart.

Drug sensitivity analysis

Genomics of Drug Sensitivity in Cancer (GDSC) dataset
is a commonly used resource that includes drug sensitiv-
ity data IC;, (half maximal inhibitory concentration) for
1,000 cell lines, providing valuable information on drug
sensitivity and resistance in GC cell lines [52]. The pRRo-
phetic package in R was developed by Paul Geeleher et al.
to predict drug response in cancer patients [53]. It utilizes
the tissue gene expression profile to match with the ICy,
values from cancer cell lines and applies the ridge regres-
sion algorithm to estimate drug response in a cohort of
GC patients.
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Tumor transcription factor database

Cistrome Cancer database (http://cistrome.org/Cistr
omeCancer/) is a comprehensive resource for predicting
transcription factor (TF) targets and enhancers in can-
cers. This database provides presumptive target genes
for each cancer type, based on the active transcription
of specific TFs. In this study, we retrieved tumor-related
TFs from the Cistrome Cancer database and utilized our
model to screen these TFs.

Weighted correlation network analysis (WGCNA)
WGCNA, an algorithm for high-throughput gene co-
expression profile analysis, is extensively utilized to dis-
cover gene co-expression networks in diverse diseases.
In comparison to conventional approaches, WGCNA
excels in capturing gene association patterns and link-
ing gene co-expression modules with clinical character-
istics. The construction of co-expression modules using
the WGCNA method involves the following primary
steps: initially, a correlation coefficient matrix, known as
the adjacency matrix, is constructed to represent gene—
gene relationships; subsequently, the connection strength
between each pair of nodes is calculated using the adja-
cency matrix (a;) through the following formula:

Zj = [cor(bi, by) ]| aij = Zijp

Vectors (b; and b)) represent gene expression values,
while Pearson correlation coefficients of genes i and j (a;;
indicate the strength of their connection in the co-expres-
sion network. To maintain a scale-free topology in the
adjacency matrix, a suitable soft threshold power (p=4)
was chosen. Hierarchical clustering of the weighted
coefficient matrix was applied to define modules, and
functional modules containing pre-defined genes were
identified in the co-expression network. Topology over-
lap measure (TOM) assessed the shared paracancerous
genes concurrency using the following formula:

EN k14 “Apj A
min(K,Kj) +1—Aj;

TOMi,j =

The weighted adjacency matrix (A) described earlier
is utilized in the dissimilarity measurement using the
TOM. The dissimilarity measurement based on TOM
was applied to gene tree maps and average linkage hier-
archical clustering. Similar expression profiles were
grouped into the same gene modules using the dynamic
tree-cutting package. To ensure module robustness,
the minimum gene count was set to 100 per gene co-
expression module, and the cutting height threshold
for merging similar gene modules was established at
0.3. Subsequently, Pearson correlation analysis was
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conducted to verify the correlation between gene co-
expression modules and clinical parameters. Therefore,
the WGCNA algorithm facilitated identification of key
gene modules that exhibited significant associations
with clinical parameters, which were then used for sub-
sequent analyses.

Statistics

All statistical analyses in the field of bioinformatics
were conducted using R software (version 4.2.2). Sig-
nificance was determined based on a double-tailed
test, with a threshold of P<0.05. The Wilcoxon test was
employed to compare differences between the low and
high score groups. Spearman correlation analysis was
utilized to assess the correlation between non-normally
distributed quantitative variables. Survival curves were
evaluated using the Kaplan—Meier (KM) method and
Cox proportional hazard regression model, with differ-
ences analyzed through the log rank test. For survival
and regression analysis, the “survival” [54] and “sur-
miner” [55] packages in R were used.
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Results

Classification of ICl subtypes and gene subtypes

To investigate the tumor immune microenvironment
status in GC patients, we utilized the ESTIMATE and
CIBERSORT algorithms to analyze the immune microen-
vironment score and the number of immune-infiltrating
cells, showing that memory B cells, CD8" T cells, acti-
vated memory CD4" T cells were significantly positively
correlated with Immune Score, while regulatory T cells
(Tregs), activated NK cells and macrophages M0 were
significantly negatively correlated with Stroma Score and
Immune Score (Supplementary Fig. 1A). Subsequently,
we employed the consensus cluster package to clas-
sify GC patients into five subtypes (known as A, B, C, D
and E; Supplementary Fig. 1B), with ICI subtypes C and
E exhibiting higher OS based on the KM survival curve
(P=0.002, Fig. 2A). From the heat map of the immune
microenvironment, it was observed that macrophages
MO clustered in ICI subtype D, while CD8* T cells, rest-
ing memory CD4% T cells and activated memory CD4"
T cells clustered in ICI subtype E. The latter cells play a
crucial role in tumor cell killing and favorable prognosis,

075

al probability

000

6 7
Time(yeers)

rrrrr

HIE REENE

3

Fig. 2 Classification of the ICl subtypes and gene subtypes. A The difference of OS between the five ICl subtypes; B The difference of OS
between the four gene subtypes; C Immune microenvironment analysis of the five ICl subtypes; D Consensus clustering analysis for classification

of gene M and gene N
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which aligns with the higher OS. In ICI subtype E, resting
memory CD4" T cells were negatively clustered, while
activated memory CD4* T cells were positively clustered.
Additionally, the immune score in ICI subtype E was
also higher (Fig. 2C). Furthermore, in order to identify
molecular differences among different GC tumors, the
limma package was used to perform pairwise differential
analysis on the aforementioned five ICI subtypes, and all
differential expression genes were extracted, as shown in
Supplementary Table 1. Subsequent clustering based on
gene expression levels using the consensus cluster pack-
age resulted in four gene subtypes (known as [, II, Il and
IV; Supplementary Fig. 1C), with significant differences
in OS (P=0.009, Fig. 2B). To identify the feature genes
that determine the differences in GC, genes positively
correlated with the gene subtypes (cor>0, P<0.05) were
defined as gene M, while genes negatively correlated with
the gene subtypes (cor<0, P<0.05) were defined as gene
N (Fig. 2D).

Construction and verification of a prognostic model of GC
and cluster analysis for gene Mand N

To differentiate the prognosis of GC patients, we devel-
oped an immune-related prognostic model. Initially, the
Boruta algorithm was utilized for feature selection of
gene M and gene N. By randomly disrupting each real
feature in order, we evaluated the importance of each

A Merged (OS) B

Survival probability
Survival probability

025

p<0.01

0.00 ' 0.00

TCGA (0S) C
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feature, and iteratively removed features with low corre-
lation to find the best variable. Then, the PCA algorithm
was applied to reduce the dimensionality of the selected
transcriptome data, which was conducted using the
‘prcomp’ function with scaling and centering of variables.
This approach focuses on the score of the set containing
the most significantly related genes and involves scaling
down the scores of genes not tracked to other members
of the set. The difference of PCA1 scores between the
two gene classes was defined as the ICI Score. For vali-
dation of the immune-related prognostic model for GC,
separate models were constructed using transcriptome
data from GSE84437, GSE26253, GSE26942, TCGA and
their merged cohort, along with the generation of sur-
vival curves. Lower ICI Score was found to be correlated
with improved prognosis in both the training and vali-
dation cohorts, providing preliminary validation of the
model’s feasibility (all P<0.01, Fig. 3A-E). Subsequently,
GO and KEGG enrichment analyses on gene M and
gene N revealed that gene M was enriched in chemokine
signaling pathways and response to interferon-gamma.
Interferon can induce abnormal DNA methylation or
gene alterations in tumor cells, leading to tumor progres-
sion and recurrence (Supplementary Fig. 2A,B). Gene
N exhibited enrichment in immune-related molecules
such as cell adhesion molecules, which play a role in cell
spreading, migration, and form the molecular basis for
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immune responses and tumor metastasis (Supplemen-
tary Fig. 2C,D). Finally, GSEA enrichment analysis was
conducted on GC patients with high or low ICI Score
separately, demonstrating that patients with higher ICI
Score were primarily enriched in the KEGG-DNA-REP-
LICATION pathway (Supplementary Fig. 2E,F).

The correlation between ICl score and tumor mutation

As it is widely known, MATH is one of the characteris-
tics of malignant tumors. The higher the MATH, the
more likely the immune system’s anti-cancer ability is
suppressed, leading to faster cancer progression [56, 57].
In our study, we found that lower MATH was associated
with lower ICI Score (P=0.01, Fig. 4A), which is consist-
ent with the results of survival analysis. Furthermore, we
conducted double-subgroup analysis (MATH and ICI
Score) and found that patients with lower MATH and
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lower ICI Score had the best prognosis, while those with
higher MATH and higher ICI Score had the worst prog-
nosis (P=0.001, Fig. 4B). Additionally, we observed sig-
nificant differences in the mutation rate of tumor-related
genes between the high and low ICI Score groups. For
example, in the TCGA dataset, the mutation rate of the
TTN gene in the high ICI Score group reached 65%, while
it was only 40% in the low ICI Score group (Fig. 4C,D).

Distinguishing ability of ici score for subgroups of patients
with different GC stages

To assess the prognostic discriminative ability of the
ICI Score for patients with different GC stages, we con-
ducted separate analyses for patients with T or N staging.
We found that patients with stage T1-2 had lower ICI
Scores compared to those with stage T3-4 (P=0.0061,
Fig. 5A). Additionally, we observed that the proportion
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between GC patients with stage NO and those with stage N1-3; D The proportion of different N stages in the high or low ICl Score groups; E The
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of T3-4 stages was higher in both the high and low ICI
Score groups (Fig. 5B). The corresponding KM survival
curves indicated that regardless of the T staging, the low
ICI Score group had higher OS compared to the high
ICI Score group (both P<0.05, Fig. 5E,F). Similarly, we
found that patients with stage NO had lower ICI Scores
compared to those with stage N1-3 (P=0.028, Fig. 5C).
Furthermore, we observed that the proportion of N1-3
stages was higher in both the high and low ICI Score
groups (Fig. 5D). Similar to the results of T staging,
regardless of the N staging, the low ICI Score group had
significantly higher OS compared to the high ICI Score
group (both P<0.05, Fig. 5G,H).

The correlation between ICl score and IC;, of different
chemotherapeutic drugs

IC;, refers to the concentration of a certain drug that
induces apoptosis in tumor cells by 50%. A lower ICs,
value indicates a better drug efficacy and, in turn, dem-
onstrates good treatment outcomes. In our study, we
investigated the IC;, values of eight chemotherapy drugs:
Camptothecin, Doxorubicin, Mitomycin, Docetaxel,
Cisplatin, Vinblastine, Sorafenib and Paclitaxel. Consist-
ently, for each drug, we found that the ICy, values were
significantly lower in the low ICI Score group compared
to the high ICI Score group (all P<0.001, Fig. 6A-H). This

further supports the notion that our constructed model
can provide guidance for clinical drug selection.

Evaluation for Prognosis of GC Patients by Nomogram

To explore the clinical significance of the model, we
employed univariate and multivariate Cox regression to
analyze the clinical characteristics (including age, gen-
der, tumor size, metastasis) and ICI Score. The results
showed that ICI Score was an independent prognostic
factor for GC (both P<0.001, Fig. 7A,B). Additionally, a
Nomogram was developed to estimate OS at 1-, 3- and
5-year. The Nomogram indicated that, holding other fac-
tors constant, lower ICI Score corresponded to higher
OS (Fig. 7C). To confirm the prediction accuracy, cali-
bration curves were generated using the replog package,
showing good agreement between predicted and actual
probabilities (Fig. 7D-F).

The difference of immune cell composition between high
and low ICl score groups may affect the immunotherapy
for GC patients

To assess the potential utility of our model in immu-
notherapy, we employed CIBERSORT deconvolution
analysis on transcriptomic data to estimate immune
cell composition. We found that Tregs were signifi-
cantly enriched in the high ICI Score group (P<0.001,
Fig. 8B), which can suppress the activity of effector T
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cells and promote cancer progression, potentially lim-
iting the efficacy of immunotherapy. Conversely, the
low ICI Score group exhibited elevated proportions
of tumor-suppressive macrophages M1, CD8" T cells,
activated memory CD4* T cells, and follicular helper
T cells (all P<0.001, Fig. 8A,C,D,E). Analysis of the
tumor immune microenvironment revealed a higher
Immune Score in the low ICI Score group (P=0.041,
Fig. 8F) and a higher Stromal Score in the high ICI
Score group (P<0.001, Fig. 8G), implying that the low
ICI Score group could potentially benefit more from
immunotherapy.

MEF2C screened out by WGCNA analysis

To identify transcription factors strongly associated with
immunotherapy in GC, we performed WGCNA with a
soft threshold set at 15 (Fig. 9A). Genes were grouped into
five modules based on their correlation and assigned dif-
ferent colors. We also examined the correlation between
these modules and the ICI Score, which revealed that
the yellow and turquoise modules exhibited the strong-
est correlation with the ICI Score (Fig. 9B). Subsequently,
tumor-related transcription factors were obtained from
the Cistrome Cancer database, and MEF2C was selected
for further investigation based on the correlation analysis
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(Fig. 9E). We assessed the MEF2C expression level in rela-
tion to the ICI Score and observed that the low ICI Score
group had significantly lower MEF2C expression compared
to the high ICI Score group (P<0.001, Fig. 9C). Addition-
ally, the MEF2C low expression group demonstrated a sig-
nificantly better OS compared to the high expression group
(P<0.001, Fig. 9D).

MEF2C as a marker to predict the efficacy

of immunotherapy

To assess the predictive role of MEF2C in the efficacy of
immunotherapy for GC, we conducted an analysis on a
cohort of patients undergoing immunotherapy. Our find-
ings revealed a significant downregulation of MEF2C
expression in patients who achieved complete response

(CR) or partial response (PR) compared to those patients
with no response (P<0.001, Fig. 10A). Furthermore, our
investigation into the correlation between MEF2C and
tumor mutation burden (TMB), a widely utilized indi-
cator for evaluating immunotherapy, indicated that the
MEF2C high expression group exhibited lower TMB
than the low expression group (P<0.001, Fig. 10B), with
a negative correlation confirmed through regression
analysis (P<0.001, Fig. 10C). Likewise, our study on the
correlation between MEF2C and microsatellite instabil-
ity (MSI) demonstrated that the MEF2C high expres-
sion group also displayed lower MSI (P<0.001, Fig. 10D),
with a negative correlation observed (P<0.001, Fig. 10E).
Additionally, we explored the correlation between
MEF2C and immune-related molecules, identifying a
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positive correlation between MEF2C and immunosup-
pressive molecules such as CTLA4, FOXP3, PDCD1 and
HAVCR2 (all P<0.05, Fig. 10F-M). Building upon these
results, we proposed the hypothesis that MEF2C may
exert its influence on tumor development by upregulat-
ing immunosuppressive molecules, thereby suppressing
the immune process. Utilizing receiver operator char-
acteristic (ROC) curve analysis, we found that MEF2C
expression can effectively predict the efficacy of immu-
notherapy for GC (Fig. 10N), suggesting its potential as a
predictive marker for the efficacy of immunotherapy.

Validation based on external dataset

We conducted transcriptome sequencing on 10
paired tumor tissues, paracancerous tissues and peri-
toneal metastases from 10 GC patients to verify the
role of MEF2C in tumor development. Our analysis
revealed that the MEF2C expression was significantly
lower in paracancerous tissues compared to tumor tis-
sues (P=0.014, Fig. 11A) and peritoneal metastases
(P=0.0098, Fig. 11B), respectively. Furthermore, the
MEF2C expression was also lower in tumor tissues com-
pared to peritoneal metastases (P=0.002, Fig. 11C), indi-
cating a potential positive association between MEF2C
expression and tumor invasiveness. We then examined
the correlation between MEF2C expression in tumors
and immunosuppressive molecules, finding that MEF2C
is positively correlated with FOXP3 and HAVCR2
(both P<0.05, Fig. 11D,E). It indicates that MEF2C may
promote the development of tumors by upregulating

immunosuppressive molecules and ultimately inhibiting
the efficacy of immunotherapy.

Discussion

Early-stage GC is often asymptomatic, resulting in a low
diagnostic rate and progression to advanced stages in the
majority of patients (>70%) [6]. Advanced GC is associ-
ated with poor OS and high metastatic potential, lead-
ing to a bleak prognosis [5, 6]. Obtaining preoperative
information on GC patients’ physical condition, recovery
ability, and OS can facilitate targeted treatments, poten-
tially improving prognosis and extending OS. In this
study, we collected a large dataset of GC and utilized the
CIBERSORT and ESTIMATE algorithms to analyze the
immune microenvironment. Differential analysis was
performed using the limma package to identify critical
genes that contribute to the variations in GC. Through
multiple iterations of consensus clustering, we defined
two gene categories (M and N) and quantified the PCA
difference between them as the ICI Score. The feasibil-
ity of the ICI Score was validated by KM survival curves
obtained from GC data downloaded from the TCGA
and GSO databases. Our findings showed that lower ICI
Score was significantly associated with better prognosis
in GC patients. Consequently, based on the ICI Score,
we can effectively distinguish GC patients with varying
prognosis, even for patients in different stages, enabling
targeted and individualized treatment. And the ICI Score
was an independent prognostic factor for GC according
to univariate and multivariate Cox regression, with good
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agreement between predicted and actual probabilities. ~ Furthermore, inter-patient heterogeneity among tumors
Furthermore, we identified MEF2C as a transcription fac-  arises from differences in the tumor microenvironmen t
tor strongly correlated with immunotherapy for GC, and  and unique cell mutations [59]. Tumor heterogeneity pre-
it can serve as a potential biomarker for assessing GC  sents a significant challenge in the management of cancer,
patients’ tumor immune status and eventually predicting  as it leads to complexity and diversity in tumor character-
the efficacy of immunotherapy. istics, treatment approaches and associated difficulties.

Genetic variations, environmental disparities and cellu-  Through an examination of the correlation between our
lar characteristics contribute to the phenotypic and func-  constructed model and tumor heterogeneity, we found
tional heterogeneity within a same type of tumor [58].  that lower ICI Score is associated with reduced tumor
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heterogeneity. Lower levels of tumor heterogeneity have
favorable implications for patient treatment and prog-
nosis, providing some validation for the accuracy and
correctness of our model. Additionally, we observed a
lower mutation rate of tumor-associated genes in the
low ICI Score group, indicating increased drug sensitiv-
ity in tumor cells. To evaluate the discriminative capac-
ity of our model for GC patients, we conducted statistical
analyses on GC patients at different stages. Irrespective
of the stage (early or advanced), patients with higher OS
demonstrated lower ICI Score. In essence, the ICI Score
enables effective differentiation of GC patients with
distinct prognoses, facilitating the implementation of
targeted and individualized treatment strategies to opti-
mize therapeutic outcomes. Meanwhile, in our study,
we investigated the IC;, values of eight chemotherapy
drugs (Camptothecin, Doxorubicin, Mitomycin, Doc-
etaxel, Cisplatin, Vinblastine, Sorafenib and Paclitaxel).
We found that the IC;, values were significantly lower in
the low ICI Score group compared to the high ICI Score

group, which may guide the choice of drugs to a certain
extent.

During the screening for factors strongly associated
with immunotherapy for GC, we discovered the tran-
scription factor MEF2C. The low ICI Score group, which
demonstrated better OS, had a significantly lower MEF2C
expression compared to the high ICI Score group. To
investigate the potential role of MEF2C in tumor progres-
sion, we assessed its expression levels in paired tumor tis-
sues, paracancerous tissues and peritoneal metastases.
MEF2C expression was found to be lowest in paracancer-
ous tissues and highest in peritoneal metastases. Some
previous research has shown that MEF2C can enhance
invasiveness in other types of cancer. Tian et al. found
that MEF2C was significantly upregulated in prostate
cancer and breast cancer when bone metastases occurred
[60]. Ostrander et al. were the first to identify the MEF2C
expression in breast cancer cells and concluded that
it promotes cell proliferation and tumor metastasis
[61]. Zhang et al. discovered that MEF2C weakens the
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inhibition of tumor metastasis by affecting the expression
of Yin Yang-1 [35]. While there have been various find-
ings in different tumor fields regarding the role of MEF2C
in promoting tumor invasion and metastasis, there is still
a lack of relevant research in GC. Cheng et al. found that
MEF2C can promote invasion and metastasis in diffuse
GC through the MAPK signaling pathway [62], which is
consistent with our result.

We found that Tregs were significantly enriched in the
high ICI Score group, which can suppress the activity of
effector T cells and promote cancer progression, poten-
tially limiting the efficacy of immunotherapy. It implies
that the low ICI Score group could potentially benefit
more from immunotherapy. Tregs play a crucial role in
regulating the immune response and preventing attacks
on self-tissues by immune cells such as T cells and B cells.
Tregs achieve this through three characteristic functions:
(1) inhibiting the activation of non-Tregs [63], (2) impair-
ing T cell receptor (TCR) signaling transmission [64],
and (3) inducing an “anergic” state [65]. These functions
are dependent on the protein CTLA4. The extracellu-
lar domain of CTLA4 enables Tregs to inhibit the acti-
vation and proliferation of non-Tregs, while damage to
the intracellular domain of CTLA4 impairs TCR signal
transmission, leading to T cell “anergy” [65]. However,
the immune blockade mediated by CTLA4-expressing

Tregs can contribute to tumor cell escape and progres-
sion. In contrast, FOXP3, another regulatory protein,
exhibits a complex role in tumors [66]. FOXP3 can
inhibit the expression of the oncogene SKP2 [67], but it
can also be induced by HBZ-activated TGF-/Smad sign-
aling, promoting the proliferation of pathogenic Treg-like
cells and tumor cell escape [68]. Co-expression of LAG3
and PDCD1 significantly reduces the proliferation and
secretion function of T cells [69]. Likewise, HAVCR2
can inhibit T cell immune responses by inducing BAT3
release through binding to galectin [70, 71]. Addition-
ally, HAVCR2 can disrupt immune synapses by bind-
ing to receptor phosphatases CD45 and CD148 [72].
In this study, we investigated the correlation between
MEF2C and immunosuppressive molecules, including
CTLA4, FOXP3, LAG3, PDCD1 and HAVCR2. Our cor-
relation analysis revealed that higher MEF2C expression
was associated with increased presence of these immu-
nosuppressive molecules. Based on these findings, we
hypothesize that MEF2C may upregulate the expression
of immunosuppressive molecules in tumors, weakening
the inhibitory effect of the immune system on tumor cells
and promoting tumor development and immune escape.

However, there are some limitations in this study. First,
this is a retrospective study, and bioinformatics research
for this work is conducted partly on publicly available
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data sets. We need to ensure that the results of this sur-
vey are accurate by using clinical trial participants in a
prospective study design. Second, how MEF2C influ-
ences the prognosis of GC through the immune system is
not yet fully understood. Further cytological and animal
experimental studies in vivo and in vitro are needed.

Conclusion

In this study, we innovatively utilized the difference of
PAC results to construct a model based on ICI Score for
predicting the prognosis of GC patients. The model iden-
tified MEF2C as a transcription factor associated with
immunotherapy in gastric cancer. The ICI Score exhib-
ited significant correlations with tumor heterogeneity,
mutation rate of tumor-related genes, different stages of
GC, TMB and immune cell infiltration. Notably, the iden-
tified transcription factor MEF2C3 can serve as a bio-
marker for assessing the efficacy of immunotherapy for
GC. The prognostic model effectively predicted patient
outcomes and facilitated patient stratification, offering
valuable insights for clinical decision-making. It is impor-
tant to note that the predictive accuracy of our model
requires validation through future prospective clinical
trials, as well as further cytological and animal experi-
ments to elucidate the deeper mechanisms.
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