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Abstract

BACKGROUND

Single-cell sequencing technology provides the capability to analyze changes in
specific cell types during the progression of disease. However, previous single-cell
sequencing studies on gastric cancer (GC) have largely focused on immune cells
and stromal cells, and further elucidation is required regarding the alterations that
occur in gastric epithelial cells during the development of GC.

AIM

To create a GC prediction model based on single-cell and bulk RNA sequencing
(bulk RNA-seq) data.

METHODS

In this study, we conducted a comprehensive analysis by integrating three single-
cell RNA sequencing (scRNA-seq) datasets and ten bulk RNA-seq datasets. Our
analysis mainly focused on determining cell proportions and identifying differen-
tially expressed genes (DEGs). Specifically, we performed differential expression
analysis among epithelial cells in GC tissues and normal gastric tissues (NAGs)
and utilized both single-cell and bulk RNA-seq data to establish a prediction
model for GC. We further validated the accuracy of the GC prediction model in
bulk RNA-seq data. We also used Kaplan-Meier plots to verify the correlation
between genes in the prediction model and the prognosis of GC.

RESULTS

By analyzing scRNA-seq data from a total of 70707 cells from GC tissue, NAG,
and chronic gastric tissue, 10 cell types were identified, and DEGs in GC and
normal epithelial cells were screened. After determining the DEGs in GC and
normal gastric samples identified by bulk RNA-seq data, a GC predictive
classifier was constructed using the Least absolute shrinkage and selection
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operator (LASSO) and random forest methods. The LASSO classifier showed good performance in both validation
and model verification using The Cancer Genome Atlas and Genotype-Tissue Expression (GTEx) datasets [area
under the curve (AUC)_min = 0.988, AUC_1se = 0.994], and the random forest model also achieved good results
with the validation set (AUC = 0.92). Genes TIMP1, PLOD3, CKS2, TYMP, TNFRSF10B, CPNE1, GDF15, BCAP31,
and CLDN7 were identified to have high importance values in multiple GC predictive models, and KM-PLOTTER
analysis showed their relevance to GC prognosis, suggesting their potential for use in GC diagnosis and treatment.

CONCLUSION
A predictive classifier was established based on the analysis of RNA-seq data, and the genes in it are expected to
serve as auxiliary markers in the clinical diagnosis of GC.

Key Words: Gastric cancer; Single-cell RNA sequencing; Prediction model; Least absolute shrinkage and selection operator;
Random forest

©The Author(s) 2023. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: In this study, we integrated and analyzed three single-cell RNA sequencing datasets and 10 bulk RNA sequencing
datasets of gastric cancer (GC) from the Gene Expression Omnibus database. We conducted a differential expression
analysis of epithelial cell subpopulations from GC tissue and normal gastric mucosa tissue and constructed GC prediction
classifiers using the Least absolute shrinkage and selection operator (LASSO) method and random forest method. The
LASSO prediction model was further validated in the Cancer Genome Atlas stomach adenocarcinoma dataset. 7/MP1,
PLOD3, CKS2, TYMP, TNFRSF10B, CPNEI, GDF15, BCAP31, and CLDN7 were selected as the predictive genes for GC.
This study provides a new approach for constructing prediction models based on single-cell sequencing data and offers new
reference targets for the clinical diagnosis and treatment of GC.

Citation: Wen F, Guan X, Qu HX, Jiang XJ. Integrated analysis of single-cell and bulk RNA-seq establishes a novel signature for
prediction in gastric cancer. World J Gastrointest Oncol 2023; 15(7): 1215-1226
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INTRODUCTION

Gastric cancer (GC) is the second leading cause of cancer-related mortality globally[1-3]. Endoscopy remains the most
prevalent and reliable method for GC diagnosis[3]. Nevertheless, due to the invasiveness of the procedure and the often
asymptomatic nature of early-stage GC, patients are frequently diagnosed in advanced stages, resulting in poor survival
and prognosis rates. Thus, the development of effective diagnostic methods and specific biomarkers for GC is urgently
needed.

Serological markers and liquid biopsies (circulating tumor cells, circulating tumor DNA or RNA, microRNA,
exosomes) are used to diagnose GC[2,4,5]. However, due to the small amount of circulating tumor cells and tumor DNA
and the uneven distribution in the peripheral circulation, the repeatability of liquid biopsy is greatly limited[2,6].
Serological markers such as carcinoembryonic antigen (CEA), carbohydrate antigen 19-9 and carbohydrate antigen 72-4
are not sensitive enough to diagnose GC and have little importance in the diagnosis of early GC[6,7].

The tumor microenvironment (TME) consists of tumor cells and stromal cells, including fibroblasts, pericytes,
mesenchymal stem cells, and various types of immune cells[8,9]. Tumorigenesis and progression result from the
collective action of multiple cells[10]. Single-cell RNA sequencing (scRNA-seq) provides a promising avenue for under-
standing the cellular composition of tumors at a single-cell level and obtaining complete RNA transcripts of individual
cells[11,12]. Conventional bulk RNA sequencing (bulk RNA-seq) of average signals from a group of different cells
obscures the recognition of specific cell types and states. SCRNA-seq enables objective genome-wide analysis of many
cells at the single-cell level in a single run, helping to characterize cellular heterogeneity in each sample. SCRNA-seq can
be used to study gene expression, cell interactions, cell differentiation and the development of different cell types in TME.

Based on the scRNA-seq data, we identified genes that were differentially expressed in epithelial cell populations
between normal gastric tissue (NAG) and GC tissue. Subsequently, using bulk RNA-seq data, we developed a predictive
classifier. Our findings suggest that developing a prediction model for GC based on epithelial cells is a viable approach
and that the results could serve as promising biomarkers for the diagnosis and prognosis of this disease.
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MATERIALS AND METHODS

Dataset collection

We utilized three scRNA-seq datasets (GSE134520, GSE183904, GSE150290) and ten bulk RNA-seq datasets (GSE79973,
GSE66229, GSE64951, GSE57303, GSE38749, GSE35809, GSE34942, GSE19826, GSE13911, GSE15459) that were obtained
from the Gene Expression Omnibus (GEO) website (https://www.ncbi.nlm.nih.gov/geo/). We used the stomach
adenocarcinoma (STAD) dataset and Genotype-Tissue Expression (GTEx) dataset obtained from the University of
California at Santa Cruz website (https://xenabrowser.net/datapages/). The study did not require ethical approval
because the data we used came from a publicly accessible database. The workflow of this study is shown in Figure 1.

Single-cell sequencing data analysis

Cells with fewer than 7000 and more than 400 genes possessing less than 10% mitochondria and less than 20% ribosomes
were retained. To ensure adequate data quality, samples with fewer than 800 cells were removed before data integration.
Ultimately, a total of 34 samples from three datasets were used for data integration and subsequent analysis, including 2
cases of NAG, 3 cases of chronic atrophic gastritis (CAG), 7 cases of intestinal metaplasia (IM) and 22 cases of GC (13
cases of intestinal GC, 6 cases of diffuse GC and 3 cases of mixed GC) (Supplementary Table 1). For scRNA-seq data
analysis, we utilized the Seurat package[13] (https:/ /satijalab.org/seurat/; 4.3.0) and its related functions. We employed
the RunUMAP function for dimensionality reduction (using the first 20 PCs), the FindClusters function for cell clustering
(resolution = 1.2), and the FindAllMarkers function for differential gene expression analysis. Default parameter values
were used for all other functions.

Bulk sequencing data analysis
Ten GC chip sequencing datasets based on GPL570 were included in this study, including 834 GC samples and 187 NAG
samples. The samples were processed using the robust multichip average algorithm to perform background correction
and standardization. To mitigate the effects of batch variation, the COMBAT algorithm was utilized.

This paper includes the STAD data and the GTEx data. For both datasets, 'log2 (fpkm + 1)' data were used for
subsequent analysis, and the normalizeBetweenArrays function was used to remove batch effects. The STAD dataset
contained 375 GC samples and 32 paracancerous samples. The GTEx contains 174 samples of normal stomach tissue.

Differential expression and functional enrichment analysis

The FindMarkers function and the scCODE package[14] (https://github.com/XZouProjects/scCODE; version 1.0.1.0)
were used to identify differentially expressed genes (DEGs) in scRNA-seq. The Imfit function was used to identify DEGs
in the bulk RNA-seq data. Genes with a P value > 0.05 and an absolute logFC value greater than 0.5 were considered
DEGs and subjected to functional enrichment analysis. The clusterProfiler package (version 4.2.0) was used to
functionally annotate DEGs to identify significantly enriched Gene Ontology (GO) and Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways.

Protein interaction analysis
We conducted molecular interaction analysis utilizing the STRING database (https://cn.string-db.org/). To present the
results, we utilized Cytoscape (https:/ /cytoscape.org/).

Prediction model construction

We screened DEGs in epithelial cells obtained from GC and normal adjacent gastric tissue (NAG), preserving genes with
logFC > 0.5 and detected-times = 5. These genes were then compared with DEGs identified in bulk RNA-seq data
between GC and NAG (logFC > 0.5 and P value < 0.05) to obtain an overlapping set. Subsequently, we used these genes
to build a LASSO regression model and random forest model in the GEO training set and verified them in the GEO test
set and The Cancer Genome Atlas (TCGA)-GTEx dataset. The GEO data were randomly divided into a training set and
test set in a 6:4 ratio. The LASSO model was established using the glmnet function (version 4.1-6). The randomForest
function (version 4.7-1.1) was used to build the random forest model. Finally, we evaluated the relationship between the
gene and GC survival rates using Kaplan-Meier plotter (http://kmplot.com/analysis/).

Data visualization
The molecular interactions were illustrated using Cytoscape software, while all other visualizations were created using

ggplot2.

RESULTS

Ten cell types in the gastric microenvironment were identified by scRNA-seq data

After applying quality control criteria, our analysis included 70707 cells that were classified into 43 clusters (Figure 2A).
We assigned each cluster to a specific cell type based on cluster-specific genes and DEGs (Figure 2B-D): T cells (CD3D and
CD3E), myeloid cells (C1IQA, S100A8), mast cells (KIT, TPSAB1), B cells (CD79A), endothelial cells (VIWF, PLVAP),
epithelial cells (MUC5AC, EPCAM), chief cells (PGC, PGA3), endocrine cells (CHGA, GAST), fibroblasts (ACTA2, DCN),
and SMCs (RGS5) (Figure 2B).
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Figure 1 Workflow of the study. Bulk RNA-seq: Bulk RNA sequencing; DEGs: Differentially expressed genes; LASSO: Least absolute shrinkage and selection
operator; sScCRNA-seq: Single-cell RNA sequencing; GEO: Gene Expression Omnibus.

Analysis of cell composition revealed that the proportions of T cells, myeloid cells, fibroblasts, endothelial cells, and
SMCs increased during the progression from nonatrophic gastritis to atrophic gastritis, intestinal metaplasia, and GC
(Figure 2E and F). Both nonatrophic gastritis and atrophic gastritis without intestinal metaplasia exhibited a high
proportion of epithelial cells (Figure 2F). There was no significant difference in cell composition among different Lauren
subtypes of GC (Figure 2F).

Bulk RNA-seq data analysis was performed to identify DEGs

We performed an analysis of bulk RNA-seq data to identify genes that were differentially expressed. Our analysis
involved the integration of 10 bulk RNA-seq datasets, and the principal component analysis (PCA) results before and
after using COMBAT indicated that the batch effect was successfully eliminated (Figure 3A-C). Our differential
expression analysis between GC and NAGs identified 757 genes that were highly expressed in GC tissues (P < 0.05, logFC
> 0.5). We sorted the DEGs by ‘-log10 (P value)” and displayed the top 20 genes in the volcano plot (Figure 3D).
Enrichment analyses of highly expressed genes in GC tissues using GO and KEGG pathway databases showed that
pathways related to cell proliferation, such as nuclear division and DNA replication, were enriched (Figure 3E).
Additionally, we observed enrichment of pathways related to tumorigenesis, such as the p53 signaling pathway and IL17
signaling pathway (Figure 3E).

Prediction model construction and verification

We screened for DEGs in epithelial cells obtained from GC and NAG, retaining 934 genes with logFC > 0.5 and detected-
times = 5. Then, these genes were compared to the 757 DEGs identified between GC and NAG (logFC > 0.5 and P value <
0.05), resulting in an overlapping set of 69 genes. Among the 69 genes, EPCAM, CLDN7, CLDN3, and CLDN4, essential
components of gastrointestinal tract, were found (Figure 4, Supplementary Table 2). Additionally, we identified immune-
related genes, such as CEACAMG6, MIF, C1QBP, EPCAM, TNFRSF10B, CXCL16 (Figure 4, Supplementary Table 2).

Using LASSO regression analysis, we selected "prob_min" and "prob_1Ise" to calculate the prediction model
(Figure 5A). The "prob_min" model consisted of 22 genes, including CLDN7, TFF3, TYMP, PLOD3, NOP58, CCL20, IFI6,
LACTB2, TNFRSF10B, CPNE1, PKM, EFNA1, GDF15, UPP1, MISP, TIMP1, EPCAM, CXCL3, MIF, MDK, CKS2, and
BCAP31 (Supplementary Table 3). The "prob_1se" model included 12 genes, such as CLDN7, TYMP, PLOD3, TNFRSF10B,
CPNE1, PKM, GDF15, UPP1, TIMP1, CKS2, BCAP31, and SNRPB (Supplementary Table 4). Notably, the CLDN7, TYMP,
PLOD3, TNFRSF10B, CPNE1, PKM, GDF15, UPP1, TIMP1, CKS2, and BCAP31 genes were present in both models. We
validated the performance of the model, and in the validation set, the model could effectively distinguish between tumor
tissue and NAG (P < 0.01) (Figure 5B). We ranked the importance values of the feature genes in the model. In the
"prob_min" model, TIMP1, GDF15, CPNE1, CKS2, and MIF had the highest importance values (Figure 5C); in the
"prob_1se" model, TIMP1, BCAP31, CKS2, GDF15, and CLDN7 had the highest importance values (Figure 5D). Using the
TCGA and GTEXx datasets for validation, the "prob_min" model had an AUC of 0.988, and the "prob_1se" model had an
AUC of 0.994 (Figure 5E). These results suggest that both LASSO models have good predictive performance.

We first applied the Boruta function to further screen the feature genes and sorted them based on their importance
values (Importance) (Figure 6A). A total of 57 genes were defined as 'confirmed' and entered the next step of constructing
the random forest model as the feature set. We used Caret for hyperparameter tuning and chose mtry =9 (Figure 6B) to
build the final model. The contribution values of each feature in the final model are shown in Figure 6C, where SNRBP,
TIMP1, GDF15, PLOD3, and CKS2 had the highest contribution values. Compared with the LASSO model, TIMP1,
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Figure 2 Analysis results of single-cell sequencing. A: UMAP of integrated samples, color-coded by cell clusters; B: UMAP of integrated samples, color-
coded by cell types; C: Violin plot of expression of typical marker genes in different cell types; D: Heatmap of expression of typical marker genes in different cell
clusters; E: Bar plot showing the proportion of each cell type in different tissues [normal gastric tissue (NAG), chronic atrophic gastritis (CAG), gastric cancer (GC)J; F:
Bar plot showing the proportion of each cell type in different tissues [NAG, CAG, intestinal metaplasia (IM), intestinal GC, mixed GC, diffuse GC].

GDF15, and CKS2 had high contribution values in all three models. The AUC value of the random forest model for
predicting the validation set was 0.92 (Figure 6D), indicating good predictive performance.

We analyzed the important genes in the model using KM-PLOTTER (Figure 7) and found that several GC-related
genes, such as TIMP1, PLOD3, CKS2, TYMP, TNFRSF10B, CPNE1, GDF15, BCAP31, and CLDN?7, were associated with the
prognosis of GC. Among them, CKS2, CLDN7, and GDF15 were positively correlated with the survival time of GC
patients, while the other genes were negatively correlated.

DISCUSSION

This study combined single-cell sequencing data and bulk RNA-seq data to identify GC-specific genes and construct a GC
prediction model.

Our study combined single-cell sequencing data and bulk RNA-seq data to identify GC-specific genes and construct a
GC prediction model. Our GC prediction model suggests that genes such as TIMP1, CKS2, and GDF15 have potential for
the clinical diagnosis of GC. TIMP1 belongs to the TIMP gene family and encodes a natural inhibitor of matrix metallo-
proteinases, which can promote tumor cell proliferation and may also have antiapoptotic functions[15,16]. Studies have
shown that TIMP6 and TIMPS8 can be used as diagnostic markers for colorectal cancer, while the significance of other
members of the TIMP family in cancer diagnosis remains unclear[17]. Our study proposes for the first time that TIMP1
may be a diagnostic marker for GC. TYMP is highly expressed in various solid tumors compared to adjacent noncan-
cerous tissues, and research has found it to be related to tumor angiogenesis and immune regulation[18,19], but its
importance in cancer diagnosis is not yet clear. GDF15 controls hematopoietic growth, energy homeostasis, adipose tissue
metabolism, organismal growth, bone remodeling, and response to stress signals, and its role in cancer development and
progression is complex[20]. Studies have shown that GDF15 can be used as a diagnostic marker for early-stage liver
cancer[21,22]. BCAP31 is associated with the proliferation and metastasis of breast cancer, lung cancer and other tumors
[23,24]. Based on our study, using the above genes as markers for predicting or diagnosing GC has potential feasibility,
but further validation is required through experimental and clinical exploration.

The rapid development of scRNA-seq technology has enabled researchers to explore the molecular characteristics of
cells in TME. However, most of this work has focused on immune cells and mesenchymal cells[25,26], and the study of
epithelial cells has not received enough attention. Our study analyzed the DEGs of GC from the perspective of epithelial
cells for the first time and identified GC-specific genes. However, our study did not carry out cytological and histological
verifications, and the clinical guidance significance of the above feature genes needs further exploration.

Our study confirmed that combining single-cell sequencing technology with bulk RNA-seq technology to analyze GC-
related marker genes from the perspective of cell subpopulations is feasible. However, during the study, we observed
that technical noise and batch effects from single-cell sequencing affected the results (such as a small number of cells from
the epithelial cell subpopulation mixing into the T/B-cell group). We also observed that the sequencing results were more
enriched in immune cells, while the loss of epithelial cells was significant, especially in tumor tissues. The reasons for
these limitations are related to many factors, such as the high sequencing depth of single-cell sequencing introducing
technical noise, mechanical damage to cells during sample processing, and differences in cell size and morphology.
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Figure 3 Analysis results of bulk RNA sequencing. A: Principal component analysis (PCA) before COMBAT (presented by dataset); B: PCA after COMBAT
(presented by dataset); C: PCA after COMBAT (by pathology type); D: Volcano plot showing differentially expressed genes with top 20 genes labeled according to ‘-
log10 (P value)’; E: Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of highly expressed genes in gastric cancer
tissues.

Studies have shown that single-nucleus RNA sequencing (snRNA-seq) has a significant advantage over single-cell
sequencing in identifying epithelial cells[27,28]. On the basis of existing studies, the inclusion of snRNA-seq results may
supplement the findings of this study and provide better clinical guidance.

CONCLUSION

In summary, we have successfully established a predictive classifier based on the analysis of RNA-seq data, and the genes
included in it are expected to serve as auxiliary markers in the clinical diagnosis of GC. This research achievement
provides valuable references and guidance for the early diagnosis and treatment of GC.
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Figure 4 Protein interaction analysis of the differentially expressed genes.
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30

Figure 5 Gastric cancer prediction model constructed by Least absolute shrinkage and selection operator. A: Plot showing 'prob_min' and

'prob_1se' selected to construct the Least absolute shrinkage and selection operator (LASSO) model;

B: Plot showing the predictive efficiency of the LASSO model;

C: Importance values of genes in the 'prob_min' model; D: Importance values of genes in the 'prob_1se' model; E: Area under the curve (AUC) analyses depicting the
predictive efficiency of the LASSO model in the The Cancer Genome Atlas and Genotype-Tissue Expression datasets.
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Figure 6 Gastric cancer prediction model constructed by random forest. A: Feature selection of the gastric cancer prediction model based on random
forest; B: Accuracy of randomly selected predictors across repeated cross validation; C: Importance values of genes in the random forest model; D: Area under curve

value of the random forest prediction model.
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Figure 7 Kaplan-Meier plots evaluating the association between gene expression and gastric cancer survival. A: TIMP1; B: PLOD3; C: CSK2;
D: TYMP; E: TNFRSF10B; F: CPNE1; G: GDF15; H: BCAP31; |: CLDN7. HR: Hazard ratio.

ARTICLE HIGHLIGHTS

Research background
Improving early diagnosis rates of gastric cancer (GC) is of great importance for reducing GC-related deaths. This study
aimed to construct a predictive model for GC by integrating single-cell sequencing data and bulk RNA sequencing (bulk
RNA-seq) data to identify potential targets for GC prediction.

Research motivation

Identifying predictive targets for GC is an important approach to reduce GC-related deaths, which is the driving force
behind this study.

Research objectives
The objective of this study was to develop a predictive model for GC by combining single-cell sequencing data and bulk
RNA-seq data and to identify potential targets for predicting GC.
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Research methods

We downloaded GC single-cell sequencing and bulk RNA-seq datasets from the Gene Expression Omnibus and
University of California at Santa Cruz databases. The single-cell sequencing data were analyzed using the Seurat package,
and the bulk RNA-seq data were analyzed using the limma package. The construction of the GC prediction model was
based on the Least absolute shrinkage and selection operator (LASSO) and random forest methods. Survival analysis was
conducted using the KM-PLOTTER online database.

Research results

By analyzing single-cell RNA sequencing data from 70707 cells from GC tissue, normal gastric tissue, and chronic gastric
tissue, we identified 10 different cell types and screened for genes differentially expressed between GC and normal
epithelial cells. After determining differentially expressed genes identified from batch RNA sequencing data of GC and
normal gastric samples, we constructed a GC prediction classifier using LASSO and random forest methods. The LASSO
classifier performed well when validated and when the model was verified using The Cancer Genome Atlas and
Genotype-Tissue Expression datasets [area under the curve (AUC)_min = 0.988, AUC_1se = 0.994], and the random forest
model also achieved good results with the validation set (AUC = 0.92). We identified genes such as TIMP1, PLOD3, CKS2,
TYMP, TNFRSF10B, CPNE1, GDF15, BCAP31, and CLDN7 with significant importance in multiple GC prediction models,
and KM-PLOTTER analysis showed their relevance to GC prognosis, indicating their potential value in GC diagnosis and
treatment. However, the limitation of our study is the lack of clinical sample validation for the GC prediction models.

Research conclusions
This study demonstrates that the combination of single-cell sequencing data and bulk RNA-seq data is feasible for
constructing a GC prediction model.

Research perspectives
Using single-nucleus sequencing to assist in constructing GC prediction models may lead to more reliable results, as it
has advantages in identifying epithelial cells.
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