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ABSTRACT
Background: Stomach adenocarcinoma (STAD) exhibits profound tumor
heterogeneity and represents a great therapeutic challenge. Single-cell sequencing
technology is a powerful tool to identify characteristic cell types.
Methods: Single-cell sequencing data (scRNA-seq) GSE167297 and bulk RNA-seq
data from TCGA, GTEx, GSE26901 and GSE15459 database were included in this
study. By downscaling and annotating the cellular data in scRNA-seq, critical cell
types in tumor progression were identified by AUCell score. Relevant gene modules
were then identified by weighted gene co-expression network analysis (WGCNA). A
prognostic scoring system was constructed by identifying prognostic factors in STAD
by Least absolute shrinkage and selection operator (LASSO) COX model. The
prognosis and model performance in the RiskScore groups were measured by
Kaplan-Meier (K-M) curves and Receiver operating characteristic (ROC) curves.
Nomogram was drawn based on RiskScore and prognosis-related clinical factors.
In addition, we evaluated patient’s feedback on immunotherapy in the RiskScore
groups by TIMER, ESTIMATE and TIDE analysis. Finally, the expression levels of
prognostic factors were verified in gastric cancer cell lines (MKN7 and MKN28) and
human normal gastric mucosal epithelial cells (GES-1), and the effects of prognostic
factors on the viability of gastric cancer cells were examined by the CCK8 assay and
cell cycle.
Results: scRNA-seq analysis revealed that 11 cell types were identified, and
macrophages exhibited relatively higher AUCell scores and specifically expressed
CD14 and FCGR3A. High macrophage scores worsened the prognosis of STAD
patients. We intersected the specifically expressed genes in macrophages subgroups
(670) and macrophage module genes (2,360) obtained from WGCNA analysis.
Among 86 common genes, seven prognostic factors (RGS2, GNAI2, ANXA5,
MARCKS, CD36, NRP1 and PDE4A) were identified and composed a RiskScore
model. Patients in low Risk group showed a better survival advantage. Nomogram
also provided a favorable prediction for survival at 1, 3 and 5 years in STAD patients.
Besides, we found positive feedback to immunotherapy in patients with low
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RiskScore. The expression tendency of the seven prognostic factors in MKN7 and
MKN28 was consistent with that in the RNA-seq data in addition to comparison of
protein expression levels in the public HPA (The Human Protein Atlas) database.
Further functional exploration disclosed that MARCKS was an important prognostic
factor in regulating cell viability in STAD.
Conclusion: This study preliminary uncovered a single cell atlas for STAD patients,
and Macrophages relevant gene signature and nomogram displayed favorable
immunotherapy and prognostic prediction ability. Collectively, our work provides a
new insight into the molecular mechanisms and therapeutic approach for LUAD
patients.

Subjects Bioinformatics, Cell Biology, Internal Medicine, Oncology
Keywords Stomach adenocarcinoma, Single-cell sequencing, CD14-type macrophages, FCGR3A-
type macrophages, Prognostic factors

INTRODUCTION
Stomach adenocarcinoma (STAD) threatens the lives and health of at least one million
individuals every year and is an urgent public health problem in the world (Smyth et al.,
2020). Similarly, China had a huge number of STAD patients (Abbas et al., 2018; Yang
et al., 2021). Poor lifestyle habits such as high oil and salt, virus infection or smoking and
alcohol abuse in some regions were the leading causative factors of STAD (Jafari-Sales
et al., 2022; Yang et al., 2021). With limited cancer symptoms and unpopular awareness of
early screening, many STAD patients progress to advanced stages before being detected
(Hoft, Noto & DiPaolo, 2021; Li et al., 2022). Endoscopy is recognized as the best early
screening approach until now and has improved the survival advantage of STAD patients
by at least 30% (Machlowska et al., 2020). However, lack of awareness of early screening,
existing malignant metastasis and treatment resistance (Chen et al., 2022; Choi et al., 2022),
STAD remained the most lethal malignancy with a 5-year survival rate of less than 20%
(Ilic & Ilic, 2022). Therefore, innovative mining of prognostic and therapeutic biomarkers
in STAD was urgent.

Up to data, massive genes models such as oxidative stress and metabolism-related
(Dong et al., 2023), memory B-cell-corrected miRNA (Liu et al., 2023), complement
system-related (Tong et al., 2022) as well as ferroptosis-relevant (Zhu et al., 2022) signature
were established hoping to predict the potential risks that patients may face, and help
doctors develop more personalized treatment plans, for improving patients’ treatment
effectiveness and survival rate. However, the heterogeneity of STAD was a huge challenge
for treatment, and an in-depth understanding of the mechanisms involved was the key to
overcome the treatment tolerance of STAD (Katzenelenbogen et al., 2020). The emerging
single-cell sequencing technology (scRNA-seq) sequenced individual cells to precisely
obtain the genetic features and clonal diversity in cells, which allowed the discrimination of
tumor heterogeneity by cell clustering (Yu et al., 2021). For example, the heterogeneous
immune landscape between LUAD and squamous carcinoma were discovered by scRNA
seq approach (Wang et al., 2022), indicating different immunotherapy methods can be
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adopted for these two kinds of lung cancers. In LUAD patients with EGFR mutations, the
heterogeneous tumors and immune cell populations in early period were also discovered as
a promising diagnostic method for LUAD (He et al., 2021). Shen, Chen & Gao (2023)
constructed a mesenchymal stem cell-relevant model for assessing prognosis and drug
sensitivity in STAD patients via scRNA-seq approach. Similarly, through integrating
scRNA-seq with bulk data, CXCR4 on tumor-infiltrating B cells showed inferior survival
outcomes and was considered as a therapeutic targets for STAD (Su et al., 2023). However,
macrophage relevant study based on scRNA-seq method in LUAD is rare, only one M2
macrophage-related prognostic and immunotherapeutic signature in ovarian metastasis of
STAD was published (Gao et al., 2023). Therefore, precise identification of macrophage
cell types and deeply explore its actions in STAD are meaningful.

Hereby, we portrayed the cell types in STAD as well as the landscape through
scRNA-seq data in an attempt to reveal the cell types that threaten STAD prognosis.
We found that macrophage subgroup score was higher than other immune cells.
Subsequently, using bulk sequencing data we attempted to establish an effective
macrophage related prognostic assessment system to precisely assess prognostic and
therapeutic features for STAD patients.

MATERIALS AND METHODS
Acquisition and processing of single-cell data from STAD patients
This study included a single-cell RNA sequencing project of STAD patients (registration
number: GSE167297), derived from GENE EXPRESSION OMNIBUS (GEO, https://www.
ncbi.nlm.nih.gov/geo/). To exclude low-quality cellular data, sequencing data quality tests
were performed with the following criteria: mitochondrial gene count percentage > 20%,
nCount RNA < 500 or nCount RNA > 50,000, nFeature RNA < 200 or nFeature RNA >
4,000. Further, the scDblFinder package (Germain et al., 2021) was loaded in the R
software (version: 3.6.0) to exclude potential two-cell data under default parameter
conditions. After processing, sequencing data from 22,258 cells were included in the
follow-up study.

STAD patient bulk sequencing data download and processing
Transcriptome sequencing data (FPKM format) of 349 STAD tumor tissues and 32 normal
samples from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) database
were included in this study. A total of 109 and 200 STAD samples sequencing data from
the GSE26901 and GSE15459 datasets, and 359 normal stomach tissues transcriptome
sequencing data from The Genotype-Tissue Expression (GTEx, https://gtexportal.org/
home/). Samples with incomplete follow-up information and missing survival status in the
TCGA cohort were excluded from this study, and samples with survival time less than 10
years were retained. The FPKM data format was converted to TPM format in the
SangerBox database (http://sangerbox.com/login.html) (Shen et al., 2022) and log2(TPM
+1) conversion was performed. Ensembl was converted to gene symbol with multiple gene
symbols for extraction of their median values. Samples with incomplete follow-up
information and missing survival status in the GSE26901 and GSE15459 datasets were
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excluded from this study. TCGA and GTEx cohorts were combined due to the number of
normal samples in the TCGA cohort was small. Batch effect removal was performed to
exclude errors in data from different sources. The limma package (Ritchie et al., 2015) was
loaded in the R software, and the removeBatchEffect function was called to perform the
batch effect removal process. The merged queue was named TCGA_GTEx-STAD. After
processing, 349 tumor and 391 normal samples from TCGA_GTEx-STAD (training set)
were included in this study, and 109 and 182 tumor samples from GSE26901 and
GSE15459 datasets (validation set) were included in this study.

ScRNA data analysis
The Seurat package (version: 3.2.3) (Stuart et al., 2019) has various functions specifically
for processing single-cell data, which were used to process single-cell data from STAD.
First, the Seurat package was loaded in the R software, and log-transformed normalization
was selected with the criterion: using a size factor of 10,000 molecules per cell. Next, the
scRNA data were downscaled and the FindVariableFeatures function was called to select
the variance stabilizing transformation (VST) method for ANOVA to obtain the highly
variable features (HVGs). Based on the first 3,000 HVGs and calling the ScaleData
function to scale the data, RunPCA was called to conduct principal component analysis
(PCA). Next, the optimal number of principal components for further dimensionality
reduction analysis was selected using the PCElbowPlot function. The Harmony package
(Korsunsky et al., 2019) was loaded in the R software to remove the batch effect of single
cells in the STAD samples. FindNeighbors in the Seurat package was called to select the top
50 principal components to calculate the nearest neighbor distance between cells. The
FindClusters function was used to filter the optimal number of clusters of cells and to
cluster the cells in the samples.

Annotation of cell clusters
For the cell clusters that were clustered and obtained, cellular annotation analysis was
conducted by marker genes in order to investigate the cell types of these cell clusters.
Marker genes were derived from biomarkers found in PD-L1 blockade therapy in gastric
cancer by Li et al. (2023) and from the SingleCellBase database (http://cloud.capitalbiotech.
com/SingleCellBase/) (Meng et al., 2023). The type of cell cluster was determined based on
marker genes expression. During this process, if a situation was encountered where two or
more cells could not be distinguished then the resolution parameter was increased to re-
cluster. The Uniform Manifold Approximation and Projection (UMAP) dimensionality
reduction analysis of the data was executed by calling the RunUMAP function in the
Seurat package. To identify differentially expressed genes (DEGs) in different cell types, the
FindAllMarker function of the Seurat package was called to identify genes differentially
expressed in them. We chose |log fold change (FC)| > 0.25, p < 0.05, minpct = 0.1 as
parameters for the analysis. Moreover, based on the identified marker genes in the cell
types, the AUCell score for different cell types was calculated by calling the
AUCell_calcAUC function in the R package loaded AUCell R package (Aibar et al., 2017).
AUCell is a new method that allows identifying cells with active gene regulatory networks
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in scRNA seq data. The input to AUCell is a gene set, and the output the gene set “activity”
(Stuart et al., 2019) in each cell. The higher AUCell score indicates that the cells have more
active gene regulatory networks.

WGCNA
WGCNA package (Langfelder & Horvath, 2008) was executed in this study for analysis.
Initially, the median absolute deviation (MAD) of all genes in TCGA_GTEx-STAD was
calculated, and the genes in the top 50% of MAD values were retained. Then the
correlations between the remaining genes were calculated and converted into a
concatenation matrix. The pickSoftThreshold function of the WGCNA package picked the
best soft threshold β based on a power function. Hierarchical clustering analysis was
conducted based on the topological matrix in the network, and the dynamic tree shearing
algorithm merged the high similarity gene modules. The parameters were set as:
minModuleSize = 80, similarity distance < 0.3. For the obtained gene modules, a principal
component analysis was conducted with the first principal component as the eigenvector
of the module for Pearson correlation analysis with Macrophage traits. For Macrophage-
related gene modules, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) analyses were conducted by loading the clusterProfiler package (Yu
et al., 2012) in R.

STAD prognostic system
To effectively assess the prognosis of STAD patients, this study attempted to establish a
prognostic assessment system based on scRNA-seq data and RNA-seq data. The
overlapping genes in DEGs from Macrophage with other cell types and macrophage-
related modules were extracted, loaded into glmnet package (Simon et al., 2011) in R
software, and trained by LASSO COX model according to the survival status and survival
time of STAD patients. The model was trained based on 5-fold cross-validation to select
the penalty parameter λ. The model at the best λ was selected as the prognostic scoring
system for STAD. The RiskScore was constructed based on the expression data (Expi) of
the prognostic factors in the model and the LASSO COX coefficients (βi). The prognostic
status of STAD was assessed by the formula RiskScore = Σβi × Expi. The RiskScore values
were assessed by plotting KM curves and (ROC curves in TCGA_GTEx-STAD, GSE26901
and GSE15459 according to the median RiskScore groups. In addition, through the
Application Programming Interface (API) of the human protein atlas (HPA, https://www.
proteinatlas.org/), the HPAanalyze package (Tran et al., 2019) to obtain the expression
levels of translated proteins of prognostic factors in RiskScore and invoked the
hpaVisPatho and hpaVisTissue functions of the HPAanalyze package to visualize the data.
We also analyzed the copy number variation of the prognostic factors.

Correlation between RiskScore and clinical factors
We summarized the age, gender, T stage, N stage, M stage, stage, and grade information of
STAD patients in the training set, and performed univariate and multivariate COX
analysis with RiskScore. The independent prognostic factors among them were screened to
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construct nomogram. The calibration curves at 1, 3, and 5 years were used to determine the
ability of nomogram to predict the survival rate of STAD. In addition, to validate the value
of nomogram and RiskScore in feeding back STAD prognosis, we plotted the Decision
curve to judge their predicted benefit.

Gene set enrichment analysis of DEGs in RiskScore groups
Limma was used to determine the DEGs in the RiskScore groups (p.adj < 0.05 & |log2(FC)|
> 1.5), and the significantly upregulated DEGs among them were selected for over
Representation Analysis. This process was accomplished by the clusterProfiler package.
The HALLMARK pathway (h.all.v2023.1.hs.symbols.gmt) was downloaded from the
Human Molecular Signatures Database (MSigDB, https://www.gsea-msigdb.org/gsea/
msigdb/collections.jsp). Gene set enrichment analysis (GSEA) and single sample gene set
enrichment analysis (ssGSEA) were performed in the RiskScore groups via the GSVA
package and GSEA software.

Immunotherapy assessment
First, the landscape of immune cells, stromal cells in STAD samples in the training set was
assessed by Estimation of STromal and Immune cells in MAlignant Tumour tissues using
Expression data (ESTIMATE) program (Yoshihara et al., 2013). Then the immune scores
of Myeloid dendritic cell, Neutrophil, B cell, T cell CD4+, T cell CD8+, Macrophage, were
extracted in TIMER 2.0 database (http://timer.cistrome.org/) (Li et al., 2020). Finally, the
TIDE presenting genome-wide expression signatures that measure the level of T cell
dysfunction and T cell exclusion in tumors to predict immune checkpoint blockade to
clinical response was analyzed in Tumor Immune Dysfunction and Exclusion (TIDE,
http://tide.dfci.harvard.edu.), with the higher TIDE score, the bigger chance for immune
escape, while the lower TIDE score, the more benefit from immunotherapy (Jiang et al.,
2018). Also the correlations among Exclusion score, Dysfunction score, Myeloid-derived
suppressor cells (MDSCs) scores, and RiskScore were assessed by Spearman correlation.

Cell culture
Gastric cancer cell lines (MKN7 and MKN28) and human normal gastric mucosal
epithelial cells (GES-1) were purchased from the Chinese Typical Culture Reserve Center
(Shanghai, China). MKN7, MKN28, and GES-1 cells were placed in DMEM (Gibco,
Carlsbad, CA, USA) with addition of fetal bovine serum (Gibco, Carlsbad, CA, USA) and
penicillin/streptomycin and were cultured at 37 �C at 37 �F. The culture conditions were
5% CO2. The cell lines were suspended in serum-free cell freeze and stored in liquid
nitrogen tanks.

Quantitative reverse transcription-polymerase chain reaction
TRIzol reagent (Thermo Fisher, Waltham, MA, USA) was employed for total RNA
extraction from MKN7, MKN28 and GES1 cell lines, with A260/280 in the range of
1.8–2.0. Using a LightCycler 480 PCR System and FastStart Universal SYBR �Green
Master (Roche, Indianapolis, IN, USA), quantitative reverse transcription-polymerase
chain reaction (qRT-PCR) was performed on the extracted RNA from each sample (2 g).
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The cDNA served as a template with a reaction volume of 20 ml (0.5 ml of forward, 2 ml of
cDNA template, 10 ml of PCR mixture, and reverse primers, and an appropriate volume of
water). The PCR was reacted starting with an initial DNA denaturation phase at 95 �C for
30 s (s), followed by 45 cycles at 94 �C for 15 s, at 56 �C for 30 s, and finally at 72 �C for 20
s. Each sample was analyzed in triplicates. Data from the threshold cycle (Jimenez-
Hernandez et al., 2018) were obtained using 2−ΔΔCT method and standardized to the level
of GAPDH. The expression levels of mRNA were compared to normative tissue-derived
controls. The primer pair sequences for the genes that were chosen as targets in Table 1 are
listed below.

Cell viability
According to the manufacturer’s instructions, cell viability was determined using the Cell
Counting Kit-8 test. In 96-well plates, cells from various treatments were grown at a
density of 1 × 103 cells per well. The CCK-8 solution was used at the specified time
intervals. The O.D 450 values of each well were determined using a microplate reader
(Thermo Fisher, Waltham, MA, USA) following a 2-h incubation at 37 �C.

Cell cycle
The centrifuge tube was then filled with MKN7, MKN28, and GES1 and progressively
dripped with 75% pre-cooled ethanol. The fixed cells were rinsed, and after 30 min, they
were stained with PI (2 mg/mL) in PBS containing RNase A (0.1 mg/mL) at room
temperature and in the dark. Flowjo software and FACSCalibur flow cytometry (BD
Biosciences, San Jose, CA, USA) were used to examine the distribution of cells with various
DNA contents at 530 nm excitation wavelength.

Statistical analysis
Data analysis for the bioinformatics analysis section was implemented with the R software
(version: 3.6.0) and sangerbox, and the R package used was obtained through the
Bioconductor API (Gentleman et al., 2004). ROC curves were plotted by the timeROC
package (Blanche, Dartigues & Jacqmin-Gadda, 2013). The cellular assay part of the data
statistics was realized based on GraphPad Prism 7 (GraphPad Software, La Jolla, CA,

Table 1 Primer information for target genes.

Gene Forward primer sequence (5′-3′) Reverse primer sequence (5′-3′)

RGS2 CTCTACTCCTGGGAAGCCCAAA TTGCTGGCTAGCAGCTCGTCAA

RNAI2 GTGCCTCCGGCAACATTGA GCACGAATCTTTGCAGGGA

ANXA5 GTGGCTCTGATGAAACCCTCTC GGCTCTCAGTTCTTCAGGTGTC

MARCK5 AGCCCGGTAGAGAAGGAGG TTGGGCGAAGAAGTCGAGGA

PDE4A CTGCGACATCTTCCAGAACCTC GCTGGTCACTTTCTTGGTCTCC

CD36 CAGGTCAACCTATTGGTCAAGCC GCCTTCTCATCACCAATGGTCC

NRP1 AACAACGGCTCGGACTGGAAGA GGTAGATCCTGATGAATCGCGTG

GAPDH AATGGGCAGCCGTTAGGAAA GCCCAATACGACCAAATCAGAG
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USA). Statistical comparisons between two and multiple groups were respectively
performed using Student’s t-test and one-way analysis of variance followed by either a
Dunnett’s test. Prognostic differences in patients in the RiskScore groups were assessed by
Log Rank Test in survival analysis. For all analyses, p < 0.05 was statistically significant.

RESULTS
Cell types in STAD
After screening and processing, sequencing data of 22,258 cells in 14 samples from
GSE167297 were included in this study (Figs. S1A and S1B). We selected the top 3,000
HVGs for PCA and the top 50% of PCs for subsequent clustering analysis (Fig. S1C).
The batch effect between samples was eliminated before annotation (Figs. S1D and S1E).
According to UMAP method clustering, cells in all samples were clearly divided into 26
cell clusters at resolution = 0.8 (Fig. 1A). The 26 cell clusters were defined as 11 cell types
according to marker genes expression characteristics (Fig. 1B and Table 2). The marker
genes specifically expressed in the 11 cell types were shown by different visualization forms
(Figs. 1C, S2 and S3). The number of cells in the samples after quality check and the
proportion of annotated cell types are shown in Figs. S1F and S1G. The proportions of B
cells, T cells, and Macrophages cell types in the samples and the distribution of cells in
clusters were illustrated in Figs. 1D and 1E, with a smaller proportion of Macrophages.
Macrophages showed higher AUCell scores, indicating higher cellular activity in
Macrophages (Figs. 1F and 1G). These results indicated a greater impact on STAD despite
the lower percentage of Macrophages.

Macrophage-related gene modules
Based on six immune cell (B cell, T cell CD4+, T cell CD8+, neutrophil, macrophage,
myeloid dendritic cell) immune scores obtained in TIMER from STAD patients, they were
divided into high and low immune score groups based on median values. We found that
survival differences were exhibited only in the macrophage groups (Fig. 2A). Macrophage
affected survival in STAD patients, and higher macrophage activity was also shown in
single-cell data. Macrophage might be a critical factor in regulating the prognosis of STAD.
Further, we identified gene modules highly associated with macrophage by WGCNA.
The network was biologically significant when the soft threshold β = 8 and the correlation
coefficient = 0.85 (Fig. 2B). According to the dynamic shear number procedure, six gene
modules were identified (Figs. 2C and 2D). A Pearson correlation analysis was performed
with the six gene modules using age, gender, T stage, N stage, M stage, stage, grade, and
macrophage as trait vectors. There was a remarkable positive correlation between the pink
module and macrophage (r = 0.69, p < 1e−5), thus, we defined pink as a macrophage-
related gene module (Fig. 2E). Pathway enrichment analysis for genes within the pink
module exhibited that these genes were mainly enriched in pathways in cancer, PI3K-Akt
signaling pathway, proteoglycans in cancer, regulation of multicellular organismal process
as well as regulation of localization. These genes had molecular functions in signaling
receptor binding and extracellular matrix structural constituent, and participated in
cellular component such as extracellular region part and extracellular space (Fig. 2F).
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Figure 1 Eleven cell types in STAD. (A) 26 cell clusters in STAD. (B) 11 cell types in STAD. (C) Heat
map of top five marker genes expression in 11 cell types. (D) Proportions of B cells, T cells, and mac-
rophages in the samples. (E) Distribution of B cells, T cells, and macrophages types in the samples. (F)
AUCell score of B cells, T cells, macrophages. (G) AUCell score distribution of individual B cells, T cells,
macrophages. Full-size DOI: 10.7717/peerj.16776/fig-1
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It indicated that genes within the pink module actively regulated the intercellular
communication exchange in STAD.

RiskScore for predicting STAD prognosis
In single cell analysis, 670 marker genes were significantly differentially expressed in
Macrophage cell types versus other cells. It was extracted with 86 duplicated genes within
the pink module to construct the LASSO COXmodel (Fig. 3A). The model was observed to
be optimal at λ = 0.0389 under 5-fold cross-validation (Figs. 3B and 3C). RGS2, GNAI2,
ANXA5, MARCKS, CD36, NRP1, and PDE4A were the prognostic factors of STAD,
among which, GNAI2 and PDE4A were protective indicators, while RGS2, ANXA5,
MARCKS, CD36 and NRP1 were risk indicators (Fig. 3D). The prognostic assessment
value of RiskScore was judged based on K-M survival analysis and ROC curve in the
training set (TCGA_GTEx-STAD) and validation set (GSE26901, GSE15459). We found
that the AUC values in 1 year among three dataset were 0.68, 0.67 and 0.72 respectively.
The AUC values in 3 years among three dataset were 0.70, 0.71 and 0.71 respectively.
The AUC values in 5 years in two validation sets were 0.71 and 0.68 respectively. In short,
all AUC values were higher than 0.6 in all three datasets (Figs. 3E, 3G and 3I). We also
observed that low RiskScore showed prognostic advantages in all three datasets (Figs. 3F,
3H and 3J). As a result, RiskScore was a trustworthy prognostic system.

Expression landscape and mutation landscape of prognostic factors
Expression analysis was conducted in order to analyze the expression levels of prognostic
factors and protein products in the RiskScore system. First, the protein product expression
levels of RGS2, GNAI2, ANXA5, MARCKS, CD36, NRP1, and PDE4A were queried in the
HPA database. The expression of the protein encoded by MARCKS gene was lower in
STAD tissues than in normal gastric tissues (Fig. 4A). The mRNA levels of RGS2, PDE4A,
and CD36 were elevated in STAD tissues, and the mRNA levels of GNAI2, MARCKS, and
NRP1 were elevated in normal tissues (Fig. 4B). The expression of seven prognostic factors
was also expressed with tissue specificity. RGS2 was specifically expressed in Cytosol,

Table 2 Annotation information of cell types.

Cell type Marker gene Seurat clusters

B cells CD79A, MS4A1 1,3,20

T cells CD3D, CD3E 0,2,4,8,14,21,24

Macrophages CD14, FCGR3A 5

Plasma cells MZB1, SDC1 6,10,11,24

Epithelial cells EPCAM, KRT19 7,17,23,25

Endothelial cells TM4SF1 9,11,12,17,22,25

Fibroblasts COL1A1, FGF7 12

Mast cells TPSAB1, CPA3 16

Multipotent progenitor cells UBE2S, H2AFX 12,17,18,20,21,25

Multilymphoid progenitor cells COTL1, TMSB10 0,1,2,3,4,5,7,8,11,12,13,16,17,18,19,20,21,24,25

Mesenchymal cells ACTA2, AKAP12 12,22
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ANXA5 was specifically expressed in Nuclear membrane, and CD36 was specifically
expressed in Golgi apparatus (Fig. 4C). Besides, we found a significant copy number
deletion of GNAI2 (Fig. 4D).

Nomogram based on the composition of RiskScore, stage, and age
We discussed the proportion of patients with different clinical factors in the RiskScore
groups, with significant differences between patients in the T stage and grade subgroups
(Fig. 5A). As the clinical factors increased, the RiskScore of patients also showed a
tendency to increase (Fig. 5B). Univariate and multivariate COX analyses based on clinical
factors and RiskScore showed that RiskScore, stage, and age were independent prognostic

Figure 2 Macrophage-related gene modules. (A) K-M curves in B cell, T cell CD4+, T cell CD8+, neutrophil, macrophage, and myeloid dendritic
cell immune score groups. (B) Fit indices and network connectivity of scale-free networks with different soft thresholds. (C) Gene module clustering
tree. (D) Number of genes in gene-module. (E) Pearson correlation heat map of trait vectors with gene modules. (F) Bubble plots of GO and KEGG
results for genes within the pink module. Full-size DOI: 10.7717/peerj.16776/fig-2
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factors for STAD, and all were risk factors (Hazard Ratio > 1, p < 0.05) (Figs. 5C and 5D).
Therefore, based on RiskScore, stage, and age, we plotted the nomogram used to predict
1-year, 3-year, and 5-year survival of STAD patients (Fig. 5E). The calibration curve
showed a good fit between the prediction curve and the actual observed 1-year, 3-year, and
5-year survival curves; therefore, the nomogram was a reliable prognostic prediction tool
for STAD (Fig. 5F). Decision curve also further confirmed the strong robustness of
nomogram and RiskScore, both of which had higher benefit than the extreme curves
(Fig. 5G). Compared to the prognostic value of other clinical factors, the AUC values of

Figure 3 RiskScore construction and evaluation. (A) Wayne diagram showing the overlapping genes of pink module genes with differentially
expressed marker genes in Macrophage cell types. (B) Trajectory of independent variable coefficients with penalty parameter λ in 5-fold cross-
validation in LASSO COXmodel. (C) Confidence intervals of the penalty parameter λ. (D) Forest plots of the prognostic factors in RiskScore. (E and
F) ROC curves of RiskScore and K-M curves in RiskScore groups in the training set. (G and H) In GSE26901, ROC curves of RiskScore and K-M
curves in RiskScore groups. (I and J) GSE15459, ROC curves of RiskScore and K-M curves of RiskScore groups. �p < 0.05, ��p < 0.01.

Full-size DOI: 10.7717/peerj.16776/fig-3
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nomogram and RiskScore were remarkably superior, showing strong prognostic predictive
value (Fig. 5H).

Biological pathways and immune landscape of differences in
RiskScore groups
This study also discussed the biological pathways regulated by DEGs in the RiskScore
groups. We found 506 up-regulated DEGs in the high RiskScore group (Fig. 6A), while the
number of down-regulated DEGs was minor, so the Over-Representation Analysis was
selected. The ORA results showed that the upregulated DEGs were mainly involved in the
processes of formation of vascular morphology, extracellular matrix components, and
glycosaminoglycan binding (Fig. 6B). The presence of 50 HALLMARK pathways in the
RiskScore subgroup was identified in ssGSEA, and we assessed the Spearman correlation

Figure 4 Expression landscape and mutation landscape of prognostic factors. (A) Protein expression
of prognostic factors in STAD and normal tissues. (B) mRNA expression of prognostic factors in STAD
and normal tissues. (C) Prognostic factor expression in cytosol, endoplasmic reticulum, Golgi apparatus,
nuclear membrane, nucleoplasm, plasma membrane. (D) Copy number variation statistics of seven
prognostic factors. ����p < 0.0001; ns, no significance. Full-size DOI: 10.7717/peerj.16776/fig-4
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Figure 5 Nomogram based on the composition of RiskScore, stage, and age. (A) Proportion of clinical
factors subgroup in RiskScore groups. (B) RiskScore among patients in the clinical factor subgroups. (C
and D) Univariate and multivariate COX forest plots of clinical factors and RiskScore. (E) Nomogram
based on the composition of RiskScore, stage, and age. (F) Calibration curves for 1, 3, and 5 years. (G)
Decision curve of RiskScore, nomogram, and clinical factors benefits. (H) ROC curve of RiskScore,
nomogram, and clinical factors to predict STAD prognosis.

Full-size DOI: 10.7717/peerj.16776/fig-5
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between them and RiskScore (Fig. 6C). The GSEA results showed that HALLMARK_
TNFA_SIGNALING_VIA_NFKB, HALLMARK_HYPOXIA, HALLMARK_IL6_JAK_
STAT3_SIGNALING, HALLMARK_APOPTOSIS, HALLMARK_APOPTOSIS, and
HALLMARK_ANDROGEN_RESPONSE, HALLMARK_MYOGENESIS, HALLMARK_
INTERFERON_GAMMA_RESPONSE, HALLMARK_APICAL_JUNCTION,
HALLMARK_COMPLEMENT, HALLMARK_EPITHELEMENT HALLMARK_
EPITHELIAL_MESENCHYMAL_TRANSITION were enabled in high risk group
(Fig. 6D). In addition, we assessed the immune landscape of patients in the RiskScore
subgroup. ImmuneScore, StromalScore were higher and exhibited higher T cell CD8+,
macrophage, myeloid dendritic cell scores in the high RiskScore group (Figs. 6E and 6F).
The RiskScore showed a positive correlation with the TIDE score, indicating that the high
risk group was more prone to immune escape and less prone to benefit from
immunotherapy (Fig. 6G).

Experimental validation of the reliability of RiskScore models
To validate the RiskScore models, we examined the expression of RGS2, RNAI2, ANXA5,
MARCKS, PDE4A, CD36, and NRP1 in MKN7, MKN28, and GES1 cell lines using
qRT-PCR (Figs. 7A–7G). The results of qRT-PCR matched the expression levels in
RNA-seq data analysis. WB was conducted to detect the expression of MARCKS, which
contributed most to the RiskScore models. The results showed that MARCKS expression
was elevated in gastric cancer cell lines MKN7 and MKN28 (Fig. 7H). After inhibition of
MARCKS in MKN7 and MKN28, decreased cellular activity in MKN7 and MKN28 cells
were observed by cell cycle (Figs. 7I and 7J) and CCK8 assays (Figs. 7K and 7L).

DISCUSSION
STAD continues to be one of the most common causes of cancer death worldwide (Sung
et al., 2021). Proven targeted therapeutic markers still lack therapeutic specificity;
therefore, there is an urgent need to find novel and effective biomarkers (Choi et al., 2022).

In this study, macrophages were found to be the most active cell type in STAD and
specifically express CD14 and FCGR3A. Tumor-associated macrophages (TAMs) were
important anti-cancer factors in the anti-tumor immune response. There were numerous
biological functions in anti-cancer or pro-cancer responses. On the one hand, TAMs were
major regulators of angiogenesis in diffuse STAD, where a high density of M2-type
macrophages was the main trigger of the immunosuppressive phenomenon in STAD.
On the other hand, TAMs also positively influenced the treatment resistance in STAD
patients (Balkwill & Mantovani, 2012; Chung & Lim, 2014; Ge et al., 2018; Joyce & Pollard,
2009). Macrophages were indeed factors affecting the prognosis or treatment of STAD
(Wang et al., 2022). Macrophage marker gene CD14, could promote M2-type macrophage
abundance (Shi et al., 2021), and FCGR3A+ macrophages might attenuate cytokinesis or
the ability to engulf apoptotic cells (Lescoat, Lecureur & Varga, 2021). M2-type
macrophages stimulated tumor growth by promoting tumor immunosuppression (Pan
et al., 2020). Here, we revealed a specific type of macrophages in STAD, revealing the
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Figure 6 Biological pathways and immune landscape of differences in RiskScore subgroups. (A) Volcano map of DEGs in the RiskScore
subgroup. (B) Results of ORA analysis of upregulated DEGs. (C) Correlation of RiskScore with HALLMARK pathway. (D) HALLMARK pathway
with the most significant difference in the RiskScore subgroup. (E) EATIAMTE results in the RiskScore subgroup. (F) TIMER immune cell scores in
the RiskScore subgroup. (G) Correlation of RiskScore with TIDE score. �p < 0.05, ��p < 0.01, ���p < 0.001, ����p < 0.0001, ns, no significance.

Full-size DOI: 10.7717/peerj.16776/fig-6
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Figure 7 Experimental validation of the reliability of RiskScore models. (A–G) The expression of RGS2, RNAI2, ANXA5, MARCK5, PDE4A,
CD36, and NRP1 in MKN7, MKN28, and GES1 cell lines was detected and quantified by qRT-PCR. (H) Representative WB results of MARCK5
expression in GES1, MKN7 and MKN28 cell lines. (I and J) Representative cell cycle results following inhibition of MARCK5 expression. (K and L)
Representative CCK8 results following inhibition of MARCK5 expression. � ≤ 0.05, �� ≤ 0.01, ��� ≤ 0.001, ���� ≤ 0.0001. The results are presented as
mean ± S.E.M. Full-size DOI: 10.7717/peerj.16776/fig-7
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heterogeneity of macrophages. And high level of macrophage score affected the poor
prognosis of STAD patients.

Macrophage-related genes were mainly enriched in ECM-receptor interaction. Another
remarkable feature of cancer patients was the high level of ECM accumulation, and ECM
accumulation also worsened the prognosis (Izzi, Davis & Naba, 2020). Based on
macrophage-related genes, we established a RiskScore prognostic system for LUAD
patients. RGS2, GNAI2, ANXA5, MARCKS, CD36, NRP1, and PDE4A were prognostic
factors for STAD. Up-regulation of RGS2 expression resulted in a biomarker of delayed
value-added and poor prognosis in non-small cell lung cancer, relieving the dormancy of
slow-cycling/dormant cancer cells after surgery/chemotherapy and causing tumor
recurrence (Cho et al., 2021). Coherently, high level of RGS2 was also found in gastric
cancer cells, and was closely connected with TIDE, and CD8+ T-cell infiltration in other
cancer types (Yang et al., 2022), indicating that RGS2 could studied further as a new target
for immunotherapy on gastric cancer. Yu et al. (2022) showed that GNAI2 facilitated
STAD cell growth and migration by promoting PI3K/AKT pathway bioactivity. ANXA5
served as a bridge between the innate and adaptive immune systems, and the ANXA5-
phosphatidylserine axis targeted the tumor environment (TME) and delivered
chemotherapeutic agents to the TME to kill tumor cells therein (Woodward, Faria &
Harrison, 2022). Data from scRNA in the ascites of STAD patients indicated that
MARCKS marked high plasticity and severe survival in STAD (Huang et al., 2023)
MARCKS could trigger NF-κB pathway in smoke-relevant lung cancer (Liu et al., 2021),
and MARCKS-targeting drug (BIO-11006) has displayed preliminary success in clinical
trials of lung diseases (Yadav et al., 2023). Here, our data further showed that inhibition of
MARCKS activity markedly reduced the viability of gastric cancer cell lines. Excessive
accumulation of fatty acid molecules in metastatic STAD induced CD63 expression
amplifying O-GlcNAcylation signaling levels and stimulating the value-added potential of
STAD cells (Jiang et al., 2019). NRP1+ lung cancer cells has been ascertained to have
tumor-initiating properties (Jimenez-Hernandez et al., 2018), and the blockade of NRP1
synergises with anti-PD-1 could strengthen CD8+T-cell proliferation, cytotoxicity as well
as tumor inhibition (Leclerc et al., 2019). Thus, it was recognized as a novel target for
CAR-T immunotherapy in STAD (Bebnowska et al., 2020), demonstrating that it is a risk
indicator for LUAD. PDE4A was a trigger for metastasis in hepatocellular carcinoma, and
inhibition of PDE4A function had the potential to suppress tumor metastasis in patients
with hepatocellular carcinoma (Peng et al., 2018). Prognostic factors in STAD were mainly
associated with tumor cell metastasis, immune cell response, and post-treatment
recurrence, and they comprised a RiskScore that took into account important factors in
tumor progression. Furthermore, we plotted nomogram, ROC curve and Decision curve
also showed that nomogram and RiskScore exhibited excellent robustness and prognostic
advantages, and predicting STAD prognosis by our system is of potential clinical value.

Finally, we carried out qRT-PCR analysis of the expression levels of RGS2, GNAI2,
ANXA5, MARCKS, CD36, NRP1, and PDE4A in gastric cancer cells. The results were
shown to be compatible with the expression levels of 7 prognostic factors in RNA-seq.
The results of qRT-PCR indicated that the STAD prognostic factors in the model were
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reliable. Besides, MARCKS was a prognostic factor that inhibited the viability of gastric
cancer cells. Studies demonstrated that MARCKS was a marker of poor prognosis in highly
plastic gastric cancer (Huang et al., 2023). However, the functional studies of MARCKS
remained poorly characterized, and subsequent focus on its function is still needed.

Our study aimed to identify the specific cell types that affect the prognosis of STAD
patients and attempted to find novel cellular targets. An attempt was also made to establish
a novel prognostic system, validating their prognostic potential in multiple data. The
limitations of present research were as below: although we finally disclosed a single cell
atlas and established a RiskScore signature based on microphage-relevant genes, more
database and clinical samples are needed to test the accuracy of present findings.
Moreover, the mechanism of how model feature genes regulate cancer needs to be further
verified in in vivo/in vitro assays to enhance their clinical values.

ABBREVIATIONS
STAD Stomach adenocarcinoma

scRNA-seq Single-cell sequencing

WGCNA Weighted gene co-expression network analysis

LASSO Least absolute shrinkage and selection operator

K-M Kaplan-Meier

ROC Receiver operating characteristic

TME tumor microenvironment

GEO Gene Expression Omnibus

TCGA The Cancer Genome Atlas

GTEx Genotype-Tissue Expression

VST variance stabilizing transformation

HVGs highly variable features

PCA principal component analysis

UMAP Uniform Manifold Approximation and Projection

DEGs differentially expressed genes

FC fold change

GO Gene Ontology

KEGG Kyoto Encyclopedia of Genes and Genomes

API Application Programming Interface

HPA human protein atlas

MSigDB Molecular Signatures Database

GSEA Gene set enrichment analysis

ssGSEA single sample gene set enrichment analysis

INFG interferon gamma

ESTIMATE Estimation of STromal and Immune cells in MAlignant Tumour tissues
using Expression data

TIDE Tumor Immune Dysfunction and Exclusion

MDSCs Myeloid-derived suppressor cells

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 19/24

http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/


ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work.

Competing Interests
The authors declare that they have no competing interests. Qingqing Gui, Yibin Xia and
Chao Lu are employed by HaploX Genomics Center.

Author Contributions
� Mengling Li conceived and designed the experiments, analyzed the data, prepared
figures and/or tables, and approved the final draft.

� Ming Lu conceived and designed the experiments, prepared figures and/or tables,
authored or reviewed drafts of the article, and approved the final draft.

� Jun Li performed the experiments, authored or reviewed drafts of the article, and
approved the final draft.

� Qingqing Gui performed the experiments, prepared figures and/or tables, authored or
reviewed drafts of the article, and approved the final draft.

� Yibin Xia analyzed the data, prepared figures and/or tables, and approved the final draft.
� Chao Lu conceived and designed the experiments, analyzed the data, authored or
reviewed drafts of the article, and approved the final draft.

� Hongchun Shu performed the experiments, analyzed the data, authored or reviewed
drafts of the article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

The data is available at NCBI GEO: GSE167297, GSE26901, GSE15459 and the raw
measurements are available at GitHub and Zenodo:

- https://github.com/Shu12q/Raw-data.git.
- Shu12q. (2023). Shu12q/Raw-data: First release of my data (v1.0.0). Zenodo. https://

doi.org/10.5281/zenodo.8374644.

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.16776#supplemental-information.

REFERENCES
Abbas M, Faggian A, Sintali DN, Khan GJ, Naeem S, Shi M, Dingding C. 2018. Current and

future biomarkers in gastric cancer. Biomedicine & Pharmacotherapy 103(12):1688–1700
DOI 10.1016/j.biopha.2018.04.178.

Aibar S, Gonzalez-Blas CB, Moerman T, Huynh-Thu VA, Imrichova H, Hulselmans G,
Rambow F, Marine JC, Geurts P, Aerts J, van den Oord J, Atak ZK, Wouters J, Aerts S. 2017.
SCENIC: single-cell regulatory network inference and clustering. Nature Methods
14(11):1083–1086 DOI 10.1038/nmeth.4463.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 20/24

http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE167297
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE26901
http://www.ncbi.nlm.nih.gov/geo/query/acc.cgi?acc=GSE15459
https://github.com/Shu12q/Raw-data.git
https://doi.org/10.5281/zenodo.8374644
https://doi.org/10.5281/zenodo.8374644
http://dx.doi.org/10.7717/peerj.16776#supplemental-information
http://dx.doi.org/10.7717/peerj.16776#supplemental-information
http://dx.doi.org/10.1016/j.biopha.2018.04.178
http://dx.doi.org/10.1038/nmeth.4463
http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/


Balkwill FR, Mantovani A. 2012. Cancer-related inflammation: common themes and therapeutic
opportunities. Seminars in Cancer Biology 22(1):33–40 DOI 10.1016/j.semcancer.2011.12.005.

Bebnowska D, Grywalska E, Niedzwiedzka-Rystwej P, Sosnowska-Pasiarska B, Smok-Kalwat J,
Pasiarski M, Gozdz S, Rolinski J, Polkowski W. 2020. CAR-T cell therapy-an overview of
targets in gastric cancer. Journal of Clinical Medicine 9(6):1894 DOI 10.3390/jcm9061894.

Blanche P, Dartigues JF, Jacqmin-Gadda H. 2013. Estimating and comparing time-dependent
areas under receiver operating characteristic curves for censored event times with competing
risks. Statistics in Medicine 32(30):5381–5397 DOI 10.1002/sim.5958.

Chen L, Lu L, Gong X, Xu Y, Chu X, Huang G. 2022. Gastric cancer with bone marrow invasion
and disseminated intravascular coagulation: a case report. Oncologie 24(3):599–604
DOI 10.32604/oncologie.2022.023310.

Cho J, Min HY, Lee HJ, Hyun SY, Sim JY, Noh M, Hwang SJ, Park SH, Boo HJ, Lee HJ, Hong S,
Park RW, Shin YK, Hung MC, Lee HY. 2021. RGS2-mediated translational control mediates
cancer cell dormancy and tumor relapse. Journal of Clinical Investigation 131:e136779
DOI 10.1172/JCI136779.

Choi S, Park S, Kim H, Kang SY, Ahn S, Kim KM. 2022.Gastric cancer: mechanisms, biomarkers,
and therapeutic approaches. Biomedicines 10(3):543 DOI 10.3390/biomedicines10030543.

Chung HW, Lim JB. 2014. Role of the tumor microenvironment in the pathogenesis of gastric
carcinoma. World Journal of Gastroenterology 20(7):1667–1680 DOI 10.3748/wjg.v20.i7.1667.

Dong Y, Yuan Q, Ren J, Li H, Guo H, Guan H, Jiang X, Qi B, Li R. 2023. Identification and
characterization of a novel molecular classification incorporating oxidative stress and
metabolism-related genes for stomach adenocarcinoma in the framework of predictive,
preventive, and personalized medicine. Frontiers in Endocrinology (Lausanne) 14:1090906
DOI 10.3389/fendo.2023.1090906.

Gao J, Zhao Z, Zhang H, Huang S, Xu M, Pan H. 2023. Transcriptomic characterization and
construction of M2 macrophage-related prognostic and immunotherapeutic signature in
ovarian metastasis of gastric cancer. Cancer Immunology, Immunotherapy 72(5):1121–1138
DOI 10.1007/s00262-022-03316-z.

Ge S, Xia X, Ding C, Zhen B, Zhou Q, Feng J, Yuan J, Chen R, Li Y, Ge Z, Ji J, Zhang L, Wang J,
Li Z, Lai Y, Hu Y, Li Y, Li Y, Gao J, Chen L, Xu J, Zhang C, Jung SY, Choi JM, Jain A, Liu M,
Song L, Liu W, Guo G, Gong T, Huang Y, Qiu Y, Huang W, Shi T, Zhu W, Wang Y, He F,
Shen L, Qin J. 2018. A proteomic landscape of diffuse-type gastric cancer. Nature
Communications 9(1):1012 DOI 10.1038/s41467-018-03121-2.

Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, Ellis B, Gautier L, Ge Y,
Gentry J, Hornik K, Hothorn T, Huber W, Iacus S, Irizarry R, Leisch F, Li C, Maechler M,
Rossini AJ, Sawitzki G, Smith C, Smyth G, Tierney L, Yang JY, Zhang J. 2004. Bioconductor:
open software development for computational biology and bioinformatics. Genome Biology
5(10):R80 DOI 10.1186/gb-2004-5-10-r80.

Germain PL, Lun A, Garcia Meixide C, Macnair W, Robinson MD. 2021. Doublet identification
in single-cell sequencing data using scDblFinder. F1000Research 10:979
DOI 10.12688/f1000research.73600.2.

He D, Wang D, Lu P, Yang N, Xue Z, Zhu X, Zhang P, Fan G. 2021. Single-cell RNA sequencing
reveals heterogeneous tumor and immune cell populations in early-stage lung adenocarcinomas
harboring EGFR mutations. Oncogene 40(2):355–368 DOI 10.1038/s41388-020-01528-0.

Hoft SG, Noto CN, DiPaolo RJ. 2021. Two distinct etiologies of gastric cancer: infection and
autoimmunity. Frontiers in Cell and Developmental Biology 9:752346
DOI 10.3389/fcell.2021.752346.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 21/24

http://dx.doi.org/10.1016/j.semcancer.2011.12.005
http://dx.doi.org/10.3390/jcm9061894
http://dx.doi.org/10.1002/sim.5958
http://dx.doi.org/10.32604/oncologie.2022.023310
http://dx.doi.org/10.1172/JCI136779
http://dx.doi.org/10.3390/biomedicines10030543
http://dx.doi.org/10.3748/wjg.v20.i7.1667
http://dx.doi.org/10.3389/fendo.2023.1090906
http://dx.doi.org/10.1007/s00262-022-03316-z
http://dx.doi.org/10.1038/s41467-018-03121-2
http://dx.doi.org/10.1186/gb-2004-5-10-r80
http://dx.doi.org/10.12688/f1000research.73600.2
http://dx.doi.org/10.1038/s41388-020-01528-0
http://dx.doi.org/10.3389/fcell.2021.752346
http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/


Huang XZ, Pang MJ, Li JY, Chen HY, Sun JX, Song YX, Ni HJ, Ye SY, Bai S, Li TH, Wang XY,
Lu JY, Yang JJ, Sun X, Mills JC, Miao ZF, Wang ZN. 2023. Single-cell sequencing of ascites
fluid illustrates heterogeneity and therapy-induced evolution during gastric cancer peritoneal
metastasis. Nature Communications 14(1):822 DOI 10.1038/s41467-023-36310-9.

Ilic M, Ilic I. 2022. Epidemiology of stomach cancer. World Journal of Gastroenterology
28(12):1187–1203 DOI 10.3748/wjg.v28.i12.1187.

Izzi V, Davis MN, Naba A. 2020. Pan-cancer analysis of the genomic alterations and mutations of
the matrisome. Cancers (Basel) 12(8):2046 DOI 10.3390/cancers12082046.

Jafari-Sales A, Shariat A, Baghi H-B, Baradaran B, Jafari B. 2022. The presence of human
papillomavirus and epstein-barr virus infection in gastric cancer: a systematic study. Oncologie
24(3):413–426 DOI 10.32604/oncologie.2022.024161.

Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, Li Z, Traugh N, Bu X, Li B, Liu J, Freeman GJ,
Brown MA, Wucherpfennig KW, Liu XS. 2018. Signatures of T cell dysfunction and exclusion
predict cancer immunotherapy response. Nature Medicine 24(10):1550–1558
DOI 10.1038/s41591-018-0136-1.

Jiang M,Wu N, Xu B, Chu Y, Li X, Su S, Chen D, Li W, Shi Y, Gao X, Zhang H, Zhang Z, DuW,
Nie Y, Liang J, Fan D. 2019. Fatty acid-induced CD36 expression via O-GlcNAcylation drives
gastric cancer metastasis. Theranostics 9(18):5359–5373 DOI 10.7150/thno.34024.

Jimenez-Hernandez LE, Vazquez-Santillan K, Castro-Oropeza R, Martinez-Ruiz G, Muñoz-
Galindo L, Gonzalez-Torres C, Cortes-Gonzalez CC, Victoria-Acosta G, Melendez-Zajgla J,
Maldonado V. 2018. NRP1-positive lung cancer cells possess tumor-initiating properties.
Oncology Reports 39:349–357 DOI 10.3892/or.2017.6089.

Joyce JA, Pollard JW. 2009. Microenvironmental regulation of metastasis. Nature Reviews Cancer
9(4):239–252 DOI 10.1038/nrc2618.

Katzenelenbogen Y, Sheban F, Yalin A, Yofe I, Svetlichnyy D, Jaitin DA, Bornstein C, Moshe A,
Keren-Shaul H, Cohen M, Wang SY, Li B, David E, Salame TM, Weiner A, Amit I. 2020.
Coupled scRNA-Seq and intracellular protein activity reveal an immunosuppressive role of
TREM2 in cancer. Cell 182(4):872–885.e819 DOI 10.1016/j.cell.2020.06.032.

Korsunsky I, Millard N, Fan J, Slowikowski K, Zhang F, Wei K, Baglaenko Y, Brenner M,
Loh PR, Raychaudhuri S. 2019. Fast, sensitive and accurate integration of single-cell data with
Harmony. Nature Methods 16(12):1289–1296 DOI 10.1038/s41592-019-0619-0.

Langfelder P, Horvath S. 2008.WGCNA: an R package for weighted correlation network analysis.
BMC Bioinformatics 9(1):559 DOI 10.1186/1471-2105-9-559.

Leclerc M, Voilin E, Gros G, Corgnac S, de Montpréville V, Validire P, Bismuth G, Mami-
Chouaib F. 2019. Regulation of antitumour CD8 T-cell immunity and checkpoint blockade
immunotherapy by Neuropilin-1. Nature Communications 10(1):3345
DOI 10.1038/s41467-019-11280-z.

Lescoat A, Lecureur V, Varga J. 2021. Contribution of monocytes and macrophages to the
pathogenesis of systemic sclerosis: recent insights and therapeutic implications. Current Opinion
in Rheumatology 33(6):463–470 DOI 10.1097/BOR.0000000000000835.

Li T, Fu J, Zeng Z, Cohen D, Li J, Chen Q, Li B, Liu XS. 2020. TIMER2.0 for analysis of
tumor-infiltrating immune cells. Nucleic Acids Research 48(W1):W509–W514
DOI 10.1093/nar/gkaa407.

Li D, Wang Y, Shi C, Fu S, Sun YF, Li C. 2023. Targeting GPC3(high) cancer-associated
fibroblasts sensitizing the PD-1 blockage therapy in gastric cancer. Annals of Medicine
55(1):2189295 DOI 10.1080/07853890.2023.2189295.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 22/24

http://dx.doi.org/10.1038/s41467-023-36310-9
http://dx.doi.org/10.3748/wjg.v28.i12.1187
http://dx.doi.org/10.3390/cancers12082046
http://dx.doi.org/10.32604/oncologie.2022.024161
http://dx.doi.org/10.1038/s41591-018-0136-1
http://dx.doi.org/10.7150/thno.34024
http://dx.doi.org/10.3892/or.2017.6089
http://dx.doi.org/10.1038/nrc2618
http://dx.doi.org/10.1016/j.cell.2020.06.032
http://dx.doi.org/10.1038/s41592-019-0619-0
http://dx.doi.org/10.1186/1471-2105-9-559
http://dx.doi.org/10.1038/s41467-019-11280-z
http://dx.doi.org/10.1097/BOR.0000000000000835
http://dx.doi.org/10.1093/nar/gkaa407
http://dx.doi.org/10.1080/07853890.2023.2189295
http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/


Li M, Wei J, Xu G, Liu Y, Zhu J. 2022. Surgery combined with molecular targeted therapy
successfully treated giant esophageal gastrointestinal stromal tumor. Oncologie 24(2):349–356
DOI 10.32604/oncologie.2022.022436.

Liu J, Chen SJ, Hsu SW, Zhang J, Li JM, Yang DC, Gu S, Pinkerton KE, Chen CH. 2021.
MARCKS cooperates with NKAP to activate NF-kB signaling in smoke-related lung cancer.
Theranostics 11(9):4122–4136 DOI 10.7150/thno.53558.

Liu R, Huang B, Shao Y, Cai Y, Liu X, Ren Z. 2023. Identification of memory B-cell-associated
miRNA signature to establish a prognostic model in gastric adenocarcinoma. Journal of
Translational Medicine 21(1):648 DOI 10.1186/s12967-023-04366-2.

Machlowska J, Baj J, Sitarz M, Maciejewski R, Sitarz R. 2020. Gastric cancer: epidemiology, risk
factors, classification, genomic characteristics and treatment strategies. International Journal of
Molecular Sciences 21(11):4012 DOI 10.3390/ijms21114012.

Meng F, Huang X, QinW, Liu K,Wang Y, Li M, Ren Y, Li Y, Sun Y. 2023. singleCellBase: a high-
quality manually curated database of cell markers for single cell annotation across multiple
species. Biomarker Research 11(1):83 DOI 10.1186/s40364-023-00523-3.

Pan Y, Yu Y, Wang X, Zhang T. 2020. Tumor-associated macrophages in tumor immunity.
Frontiers in Immunology 11:583084 DOI 10.3389/fimmu.2020.583084.

Peng Y, Li Y, Tian Y, Ao G. 2018. PDE4a predicts poor prognosis and promotes metastasis by
inducing epithelial-mesenchymal transition in hepatocellular carcinoma. Journal of Cancer
9(13):2389–2396 DOI 10.7150/jca.24079.

Ritchie ME, Phipson B, Wu D, Hu Y, Law CW, Shi W, Smyth GK. 2015. Limma powers
differential expression analyses for RNA-sequencing and microarray studies. Nucleic Acids
Research 43(7):e47 DOI 10.1093/nar/gkv007.

Shen K, Chen B, Gao W. 2023. Integrated single-cell RNA sequencing analysis reveals a
mesenchymal stem cell-associated signature for estimating prognosis and drug sensitivity in
gastric cancer. Journal of Cancer Research and Clinical Oncology 149(13):11829–11847
DOI 10.1007/s00432-023-05058-6.

Shen W, Song Z, Zhong X, Huang M, Shen D, Gao P, Qian X, Wang M, He X, Wang T, Li S,
Song X. 2022. Sangerbox: a comprehensive, interaction-friendly clinical bioinformatics analysis
platform. iMeta 1(3):e36 DOI 10.1002/imt2.36.

Shi ZZ, Tao H, Fan ZW, Song SJ, Bai J. 2021. Prognostic and immunological role of key genes of
ferroptosis in pan-cancer. Frontiers in Cell and Developmental Biology 9:748925
DOI 10.3389/fcell.2021.748925.

Simon N, Friedman J, Hastie T, Tibshirani R. 2011. Regularization paths for Cox’s proportional
hazards model via coordinate descent. Journal of Statistical Software 39(5):1–13
DOI 10.18637/jss.v039.i05.

Smyth EC, Nilsson M, Grabsch HI, van Grieken NC, Lordick F. 2020. Gastric cancer. Lancet
396(10251):635–648 DOI 10.1016/S0140-6736(20)31288-5.

Stuart T, Butler A, Hoffman P, Hafemeister C, Papalexi E, MauckWM III, Hao Y, Stoeckius M,
Smibert P, Satija R. 2019. Comprehensive integration of single-cell data. Cell
177(7):1888–1902.e1821 DOI 10.1016/j.cell.2019.05.031.

Su C, Yu R, Hong X, Zhang P, Guo Y, Cai JC, Hou J. 2023. CXCR4 expressed by
tumor-infiltrating B cells in gastric cancer related to survival in the tumor microenvironment: an
analysis combining single-cell RNA sequencing with bulk RNA sequencing. International
Journal of Molecular Sciences 24(16):12890 DOI 10.3390/ijms241612890.

Sung H, Ferlay J, Siegel RL, Laversanne M, Soerjomataram I, Jemal A, Bray F. 2021. Global
cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 23/24

http://dx.doi.org/10.32604/oncologie.2022.022436
http://dx.doi.org/10.7150/thno.53558
http://dx.doi.org/10.1186/s12967-023-04366-2
http://dx.doi.org/10.3390/ijms21114012
http://dx.doi.org/10.1186/s40364-023-00523-3
http://dx.doi.org/10.3389/fimmu.2020.583084
http://dx.doi.org/10.7150/jca.24079
http://dx.doi.org/10.1093/nar/gkv007
http://dx.doi.org/10.1007/s00432-023-05058-6
http://dx.doi.org/10.1002/imt2.36
http://dx.doi.org/10.3389/fcell.2021.748925
http://dx.doi.org/10.18637/jss.v039.i05
http://dx.doi.org/10.1016/S0140-6736(20)31288-5
http://dx.doi.org/10.1016/j.cell.2019.05.031
http://dx.doi.org/10.3390/ijms241612890
http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/


cancers in 185 countries. CA: A Cancer Journal for Clinicians 71(3):209–249
DOI 10.3322/caac.21660.

Tong X, Yang X, Tong X, Zhai D, Liu Y. 2022. Complement system-related genes in stomach
adenocarcinoma: prognostic signature, immune landscape, and drug resistance. Frontiers in
Genetics 13:903421 DOI 10.3389/fgene.2022.903421.

Tran AN, Dussaq AM, Kennell T Jr., Willey CD, Hjelmeland AB. 2019. HPAanalyze: an R
package that facilitates the retrieval and analysis of the human protein atlas data. BMC
Bioinformatics 20(1):463 DOI 10.1186/s12859-019-3059-z.

Wang C, Yu Q, Song T, Wang Z, Song L, Yang Y, Shao J, Li J, Ni Y, Chao N, Zhang L, Li W.
2022. The heterogeneous immune landscape between lung adenocarcinoma and squamous
carcinoma revealed by single-cell RNA sequencing. Signal Transduction and Targeted Therapy
7(1):289 DOI 10.1038/s41392-022-01130-8.

Woodward A, Faria GNF, Harrison RG. 2022. Annexin A5 as a targeting agent for cancer
treatment. Cancer Letters 547(6):215857 DOI 10.1016/j.canlet.2022.215857.

Yadav V, Sharma AK, Parashar G, Parashar NC, Ramniwas S, Jena MK, Tuli HS, Yadav K.
2023. Patent landscape highlighting therapeutic implications of peptides targeting myristoylated
alanine-rich protein kinase-C substrate (MARCKS). Expert Opinion on Therapeutic Patents
33(6):445–454 DOI 10.1080/13543776.2023.2240020.

Yang L, Kartsonaki C, Yao P, de Martel C, Plummer M, Chapman D, Guo Y, Clark S,
Walters RG, Chen Y, Pei P, Lv J, Yu C, Jeske R, Waterboer T, Clifford GM, Franceschi S,
Peto R, Hill M, Li L, Millwood IY, Chen Z, China Kadoorie Biobank Collaborative G. 2021.
The relative and attributable risks of cardia and non-cardia gastric cancer associated with
Helicobacter pylori infection in China: a case-cohort study. The Lancet Public Health
6(12):e888–e896 DOI 10.1016/S2468-2667(21)00164-X.

Yang S, Sun B, Li W, Yang H, Li N, Zhang X. 2022. Fatty acid metabolism is related to the
immune microenvironment changes of gastric cancer and RGS2 is a new tumor biomarker.
Frontiers in Immunology 13:1065927 DOI 10.3389/fimmu.2022.1065927.

Yoshihara K, Shahmoradgoli M, Martinez E, Vegesna R, Kim H, Torres-Garcia W, Trevino V,
Shen H, Laird PW, Levine DA, Carter SL, Getz G, Stemke-Hale K, Mills GB, Verhaak RG.
2013. Inferring tumour purity and stromal and immune cell admixture from expression data.
Nature Communications 4(1):2612 DOI 10.1038/ncomms3612.

Yu H, Liu S, Wu Z, Gao F. 2022. GNAI2 is a risk factor for gastric cancer: study of tumor
microenvironment (TME) and establishment of immune risk score (IRS). Oxidative Medicine
and Cellular Longevity 2022(6):1254367 DOI 10.1155/2022/1254367.

Yu TJ, Ma D, Liu YY, Xiao Y, Gong Y, Jiang YZ, Shao ZM, Hu X, Di GH. 2021. Bulk and
single-cell transcriptome profiling reveal the metabolic heterogeneity in human breast cancers.
Molecular Therapy 29(7):2350–2365 DOI 10.1016/j.ymthe.2021.03.003.

Yu G, Wang LG, Han Y, He QY. 2012. clusterProfiler: an R package for comparing biological
themes among gene clusters. OMICS 16(5):284–287 DOI 10.1089/omi.2011.0118.

Zhu D, Wu S, Li Y, Zhang Y, Chen J, Ma J, Cao L, Lyu Z, Hou T. 2022. Ferroptosis-related gene
SLC1A5 is a novel prognostic biomarker and correlates with immune infiltrates in stomach
adenocarcinoma. Cancer Cell International 22(1):124 DOI 10.1186/s12935-022-02544-8.

Li et al. (2024), PeerJ, DOI 10.7717/peerj.16776 24/24

http://dx.doi.org/10.3322/caac.21660
http://dx.doi.org/10.3389/fgene.2022.903421
http://dx.doi.org/10.1186/s12859-019-3059-z
http://dx.doi.org/10.1038/s41392-022-01130-8
http://dx.doi.org/10.1016/j.canlet.2022.215857
http://dx.doi.org/10.1080/13543776.2023.2240020
http://dx.doi.org/10.1016/S2468-2667(21)00164-X
http://dx.doi.org/10.3389/fimmu.2022.1065927
http://dx.doi.org/10.1038/ncomms3612
http://dx.doi.org/10.1155/2022/1254367
http://dx.doi.org/10.1016/j.ymthe.2021.03.003
http://dx.doi.org/10.1089/omi.2011.0118
http://dx.doi.org/10.1186/s12935-022-02544-8
http://dx.doi.org/10.7717/peerj.16776
https://peerj.com/

	Single-cell data revealed CD14-type and FCGR3A-type macrophages and relevant prognostic factors for predicting immunotherapy and prognosis in stomach adenocarcinoma ...
	Introduction
	Materials and Methods
	Results
	Discussion
	Abbreviations
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


