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ABSTRACT

Early diagnosis and progression assessment are critical for the timely detection and treatment of gastric
cancer (GC) patients. Identification of diagnostic biomarkers for early detection of GC represents an unmet
clinical need, and how these markers further influence GC progression is explored rarely. We performed
dynamic gene screening based on high-throughput data analysis from patients with precancerous lesions
and early gastric cancer (EGC) and identified a 10-gene panel by the lasso regression model. This panel
demonstrated good diagnostic performance in TCGA (AUC = 0.95, sensitivity = 86.67 %, specificity = 90.63 %)
and GEO (AUC = 0.84, sensitivity = 91.67 %, specificity = 78.13 %) cohorts. Moreover, three GC subtypes were
clustered based on this panel, in which cluster 2 (C2) demonstrated the highest tumor progression level
with a high expression of 10 genes, showing a decreased tumor mutation burden, significantly enriched
epithelial-mesenchymal transition hallmark and increased immune exclusion/exhausted features. Finally,
the cell localization of these panel genes was explored in scRNA-seq data based on more than 40,000 cells.
The 10-gene panel is expected to be a new clinical early detection signature for GC and may aid in pro-

gression assessment and personalized treatment of patients.
© 2022 The Authors. Published by Elsevier B.V. on behalf of Research Network of Computational and
Structural Biotechnology. This is an open access article under the CC BY-NC-ND license (http://creative-
commons.org/licenses/by-nc-nd/4.0/).

1. Introduction

often driven by multiple events such as chronic superficial gastritis,
chronic atrophic gastritis (CAG), intestinal metaplasia (IM), dys-

Gastric cancer (GC) is the fifth most common human malignancy
(5.6 % of total cases) and the fourth most common cause of cancer-
related deaths (7.7 % of total cancer deaths) worldwide [1]. Its 5-year
survival rate is less than 20 % in advanced cases, but can go up to 90
% in early stage gastric cancer (EGC) patients [2,3]. Therefore, early
diagnosis is important to enable timely and effective treatment de-
cisions to improve patients’ survival. According to Lauren’s classifi-
cation, GC is classified into intestinal, diffuse, and rarely mixed type;
with the intestinal type having a higher incidence and longer course,
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plasia, and ultimately carcinoma [4,5]. Gastric carcinogenesis is thus
a slow, progressive and multistep process involving various con-
tributing molecules. To this effect, dynamic changes in gene ex-
pressions are important indicators of transformation from
precancerous lesions to EGC.

Dynamic gene screening based on precancerous lesions is helpful
to identify pivotal biomarkers for early diagnosis and progression
assessment of GC. For instance, Zhang et al. constructed single-cell
dynamic transcriptome profiles of precancerous and EGC lesions
through single-cell sequencing analysis of 13 gastric mucosal sam-
ples of 9 patients with non-atrophic gastritis (NAG), CAG, IM, or EGC,
which resolved their cellular changes at different disease stages, and
identified a set of early tumor cell-specific markers [6]. In the early
stages of gastric carcinogenesis, precancerous tissues are infiltrated
by various immune cells such as T cells, B cells, macrophages, mast
cells, and dendritic cells that secrete various inflammatory cytokines
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Fig. 1. The construction of 10-gene diagnostic panel. (A) Schematic diagram highlighting the experimental workflow for the whole study. (B) The principal component analysis
(PCA) chart shows the progression of the patient from gastritis to low-grade intraepithelial neoplasia (LGIN), high-grade intraepithelial neoplasia (HGIN) and early gastric cancer
(EGC). (C) The genes sorted by principal component rotation were significantly enriched in the processes related to early gastric cancer by gene set enrichment analysis (GSEA). (D
&E) The Venn diagram shows the intersection of genes obtained from the three groups of difference analyses. (F&G) The Venn diagram shows the genes successfully validated in
TCGA. (H&I) Receiver operating characteristic curve (ROC) shows the area under the curve (AUC) of the 10-gene panel in TCGA and GSE26899, with larger AUC indicating better
diagnostic effect. (J) The heatmap shows the enrichment level of cancer hallmarks estimated by GSEA for 10 genes. The bottom and right bar plots show the number of genes
enriched for each hallmark and the number of hallmarks enriched for each gene, respectively.

678



F Long, S. Li, Y. Xu et al.

resulting into chronic inflammation, immune dysregulation and
transformation to gastric cancer [7,8]. In addition to immune cells,
epithelial and stromal cells of normal gastric mucosa, including
mucus cells, secretory cells, endocrine cells, fibroblasts, and en-
dothelial cells, are often disrupted in the precancerous lesions, fur-
ther facilitating cancer development and progression [9]. However,
the exploration of biomarkers that can indicate transformation of
precancerous lesions to EGC is still limited, and how these bio-
markers influence tumor microenvironment and GC progression is
unclear.

Here, we report a dynamic gene analysis based on the conversion
of precancerous tissues to EGC (Fig. 1A). We first performed differ-
ential gene expression analyses on samples of precancerous and EGC
lesions, combined with expression validation, survival analysis and
key gene screening based on the lasso regression model in the TCGA-
STAD cohort. A 10-gene diagnostic panel was obtained, and their
associated cancer pathways identified through gene set enrichment
analysis (GSEA). Three gene clusters with specific cancer mutations,
transcriptomic processes and differential tumor microenvironment
status were identified based on the 10-gene panel. The gene ex-
pression, panel diagnostic performance, and cluster classification
stability were estimated in four additional independent datasets.
Finally, the expression levels of the genes were characterized by
analyzing single-cell RNA sequencing (scRNA-seq) data of pre-
cancerous and EGC lesions involving over 40,000 cells. These 10
precancerous lesion-associated genes could be potential new early
diagnostic biomarkers for GC, and may aid GC prognostic predictions
and personalized therapy.

2. Materials and methods
2.1. Data retrieval

We downloaded six datasets from Gene Expression Omnibus
(GEO), including five bulk RNA microarray datasets (GSE55696,
GSE60662, GSE26899, GSE63089, and GSE84437), and one scRNA-
seq dataset (GSE134520) [10-14]. GSE55696 contained 77 samples
[19 cases of gastritis, 19 cases of low-grade intraepithelial neoplasia
(LGIN), 20 cases of high-grade intraepithelial neoplasia (HGIN), and
19 cases of EGC]; GSE60662 contained 16 samples (4 normal sam-
ples, 4 cases of mild gastritis, 4 cases of severe gastritis and 4 cases of
IM); GSE26899 contained 108 samples (96 GC samples and 12
normal samples); GSE63089 contained 90 samples (45 paired GC
and normal para-cancer samples); GSE84437 contained 433 GC
samples; and GSE134520 contained 13 samples from 9 patients [3
NAG, 3 CAG, 2 wild intestinal metaplasia (IMW), 4 severe intestinal
metaplasia (IMS), and 1 EGC]. In addition, we downloaded a bulk
RNA-seq count matrix and corresponding clinical data from 407
TCGA-STAD samples (375 tumor samples and 32 normal samples)
from the UCSC Xena database (https://xenabrowser.net/datapages/).

2.2. Differential gene analysis, survival analysis and cancer stage
analysis

We then performed differential expression analysis of all the
genes in the microarray datasets using the limma package, and
normalized gene expressions using the normalizeBetweenArrays
function [15]. RNA-seq data of TCGA-STAD were analyzed by the
edgeR package and normalized by the trimmed mean of m-values
(TMM) [16]. The dynamically altered genes of precancerous lesions
from GSE55696 and differentially expressed genes of TCGA-STAD
were screened for intersecting genes according to their expression
patterns and visualized by jvenn [17]. The intersecting genes ob-
tained were further subjected to cancer stage and survival analysis
using GEPIA online tools [18].
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2.3. Least absolute shrinkage and selection operator (LASSO) and
diagnostic analysis

Key precancerous genes were obtained by LASSO regression
analysis (default 10-fold cross-validation) of the glmnet package,
and the receiver operating characteristic (ROC) curves generated
using the pROC package [19] to assess the discriminatory perfor-
mance of each gene for cancer and normal samples. To evaluate the
combined diagnostic performance of multiple genes, binary logistic
regression model was constructed for multiple genes by SPSS (Ver-
sion 25), and their diagnostic performance evaluated using ROC
curves.

2.4. Gene set enrichment analysis (GSEA)

We downloaded H: hallmark gene sets from the MSigDB data-
base (https://www.gsea-msigdb.org/) [20] as background gene sets
and performed GSEA [21] for each key gene based on TCGA-STAD
RNA-seq data by ClusterProfiler package [22]. In brief, the cancer
samples were first sorted by the expression levels of each gene,
median expression level was taken for sample grouping, and dif-
ferential gene expression analysis performed by edgeR package.
Subsequently, all genes were sorted by logFC from the highest to the
lowest as the input gene set, and GSEA performed with H: hallmark
gene sets as background gene sets. Significantly enriched entries
(FDR < 0.05) were obtained and visualized by the pheatmap package.

2.5. Subtype classification of GC based on key genes

Unsupervised clustering [paritioning around medoids (PAM)]
was performed on 375 TCGA-STAD samples by ConsensusClusterPlus
package [23] based on key genes obtained from LASSO regression
screening, generating 1000 resampling to ensure the stability of the
classification. Survival analysis and significance assessment were
performed based on Kaplan-Meier method and Log-rank test using
survival package, and the reliability of clustering verified by tSNE
algorithm. The above analysis was repeated on GSE84437 data-
sets (n=437).

2.6. Mutation analysis and gene set variation analysis (GSVA)

Somatic mutation data processed and integrated by MuTect2 in
TCGA-STAD were downloaded from UCSC Xena for overall mutation
burden calculation and gene mutation frequency analysis using
maftools package [24]. Overall and progression-free survival analysis
based on mutant and wild-type gene was performed in cBio-
Portal [25].

To further assess the cancer hallmark changes in different pa-
tients, GSVA [26] was performed on 375 TCGA-STAD samples based
on the H: hallmark background gene sets to obtain the enrichment
score for each sample. Subsequently, differential hallmark analysis
was performed on the different subtypes by limma package to obtain
the specific hallmark in each subtype (FDR <0.05).

2.7. Immune cell infiltration abundance analysis

We first downloaded gene markers of 28 immune cell types as
background genes from the study of Charoentong P et al. [27] and
estimated immune cell abundance in 375 samples of TCGA-STAD by
single sample gene set enrichment analysis (ssGSEA). The differ-
ences in immune cell infiltration among subtypes were assessed
using Kruskal-Wallis test, and the correlation between immune cell
abundance and key precancerous gene expression was assessed by
Spearman correlation analysis. Subsequently, we verified the in-
filtration of immune cells and evaluated the infiltration of immune
cell subtypes as well as non-immune cells by the CIBERSORT [28]
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and EPIC [29] algorithms. Finally, immune score, stromal score and
ESTIMATE score were calculated for each sample using the estimate
package [30].

2.8. Single cell data processing and definition of major cell types

Single-cell data from 13 precancerous lesions and EGC samples
were preprocessed and subsequently analyzed by the Seurat package
[31]. To filter low quality cells, only cells with transcripts> 400
and < 7000 per cell; expressed in more than 3 cells per transcript;
percentage of mitochondrial reads < 25 %; percentage of ribosomal
reads < 60 % were included in the analysis. Resolution =0.2 was
chosen for initial clustering of epithelial and non-epithelial cells in
all cells, followed by further clustering of epithelial or non-epithelial
cells by choosing resolution = 1.5 or 0.2, respectively. Major cell types
were defined using known cell markers derived from literature or
CellMarker database [32].

2.9. Statistical analysis

All statistical analyses for this study were performed using R
software (v.4.1.1), and SPSS (Version 25). Comparisons between two
groups were made using the Wilcoxon nonparametric rank sum test,
multiple group comparisons were made using the Kruskal-Wallis
test, and sample composition ratio comparisons between groups
were made using the Chi-square test. P < 0.05 was considered sta-
tistically significant and shown as follows: *, P < 0.05; **, P < 0.01;
P < 0.001; ****, P < 0.0001. All P-value corrections were made by
the Benjamin Hochberg method.

3. Results

3.1. Screening for dynamically changed genes in the progression of
precancerous lesions

First, we performed a principal component analysis (PCA) of gene
expression profiles based on patients with gastritis (n=19), LGIN
(n=19), HGIN (n=20) and EGC (n=19) from GSE55696. This allowed
us to observe the dynamic processes of patients' progression from
gastritis to EGC (Fig. 1B). GSEA performed based on the PCA rotation
score sorted genes (with C2 and H of MSigDB as background gene
sets), showed that GASTRIC_CANCER_EARLY_UP was the most sig-
nificantly enriched entry (NES = 3.04, p.adjust = 1.29E-49), demon-
strating the validity and feasibility of our strategy. Cell proliferation,
cell cycle, stemness and immune regulation related entries were also
enriched (Fig. 1C). Next, differentially expressed genes (DEGs) ana-
lysis was performed for gastritis vs. LGIN (Fig. S1A), LGIN vs. HGIN
(Fig. S1B), and HGIN vs. EGC (Fig. S1C), respectively. The gastritis vs.
LGIN group (DEGs = 8376, FDR<0.05) had the highest number of
DEGs compared to the other two groups (LGIN vs. HGIN, DEGs =
1438; HGIN vs. EGC, DEGs = 124), suggesting that the gastritis to
neoplasia transition involves the greatest alterations of gene ex-
pression. To further identify dynamically changing genes with si-
milar expression patterns, we divided the DEGs from the three
groups into up- and down-regulated groups, and extracted the genes
present in each group (Fig. ID&1E). The extracted sets of genes were
then verified by TCGA-STAD data for differential expressions be-
tween tumor (n = 373) and normal (n=32) samples (FDR <0.05), and
a total of 23 up-regulated and 30 down-regulated genes were ob-
tained (Fig. 1F & G).

3.2. The screening of survival-related genes
To identify GC prognosis associated genes, the above 50 up-and

down-regulated genes were further analyzed in GEPIA. A total of 13
genes significantly associated with survival of GC patients (Log-rank
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P < 0.05) were obtained; 11 were down-regulated (TAGLN3, PHLDB?2,
NR3C1, MRO, MREG, MAP6, KIF5C, GLDN, CPE, CAST and AK5; Fig. S2A)
and two up-regulated (SNAI1 and CPT1C; Fig. S2B). Interestingly, high
expression of all the above genes except for MREG were associated
with poor prognosis, suggesting that gene expression levels is not an
absolute indicator of the effect of genes on cancer progression.
Furthermore, we concurrently investigated changes in the expres-
sion levels of the above genes from one GC stage to another (Fig.
S2C) using GEPIA. PHLDB2, NR3C1, MAP6 and CPE had the most sig-
nificant positive correlation with cancer stage [Pr (>F)< 0.05]; and
MRO, GLDN, SNAI1 and CPT1C had trends of elevated expression with
increasing GC staging. Finally, we used box plots to visualize the
expression of these genes in the GSE55696 and TCGA-STAD cohorts,
most genes had consistent expression patterns in both cohorts (Fig.
S2D&S2E). We noted that two genes (SNAIT and CPT1C) showed
stable upregulation in both precancerous lesion and cancer samples
in four additional cohorts (GSE130823, GSE60662, GSE26899 and
GSE63089) (Fig. S3), suggesting that they could have potentials for
clinical application.

3.3. Construction of the 10-gene diagnostic panel

To screen the gene panel with the best diagnostic value, a linear
model was constructed based on the 13 earlier identified GC sur-
vival-related genes using the LASSO regression analysis with variable
screening and regularization (Fig. S4A). The mean-squared error of
the model was minimized when log (1) =-5.22 (Fig. S4B). 10 genes
(AK5, CAST, CPE, MAP6, MRO, NR3C1, PHLDB2, TAGLN3, CPT1C, and
SNAIT) having the best diagnostic capacity to distinguish GC from
normal samples were finally obtained. AUC of the gene combination
reached 0.95 (95 % CI: 0.91-0.98; accuracy = 86.98 %, sensitivity =
86.98 %, specificity = 90.63 %) in the TCGA-STAD training cohort and
0.84 (95 % CI: 0.73-0.94; accuracy = 79.63 %, sensitivity = 91.67 %,
specificity = 78.13 %) in the GSE26899 validation cohort. (Fig. TH&1]I,
Fig. S4C). Moreover, our gene panel was also compared with re-
ported biomarkers[33,34] and panels|35,36] (Fig. S5). Overall, the
diagnostic efficiency of panel was better than individual biomarker
in training and validation cohorts. In the validation cohort, com-
pared with the other two panels from Yap et al. and Cui et al., our
panel demonstrated higher sensitivity than both of them (our panel
vs. Yap et al./Cui et al. = 91.7 % vs. 75.0 %/75.0 %) but lower in spe-
cificity than Cui et al. (our panel vs. Yap et al./Cui et al. = 78.1 % vs.
67.7 %/89.6 %). To further determine the diagnostic effectiveness of
the 10-gene panel for precancerous lesions and EGC, ROC curve
analysis was performed on the GSE55696 datasets (Fig. S6). The
results showed that the 10-gene panel best differentiated EGC from
gastritis (AUC>0.90). Its ability to differentiate EGC from other
neoplastic stages was rather low (EGC vs. LGIN, AUC = 0.78; EGC vs.
HGIN, AUC = 0.83). The Human protein Atlas (HPA) database was
concurrently used to determine the protein expression levels of
these genes in GC tumor and normal tissues. (https://www.
proteinatlas.org/). The expression trends of most of the proteins
were consistent with mRNA levels, except for CPT1C and TAGLN3,
where no significant protein expression was found (Fig. S7A), which
may be related to their protein localization and tissue specificity (Fig.
S7B&S7C). In addition to this, the cancer processes that are likely
influenced by these genes were explored through GSEA (Fig. 1]).
Epithelial mesenchymal transition (EMT) was the most affected
entry, suggesting that these genes may play a crucial role in cancer
progression and metastasis. Moreover, some cell cycle-related en-
tries such as E2F TARGETS, G2M CHECKPOINT, DNA REPAIR, and
immune-related entries such as INFLAMMATORY RESPONSE and
INTERFERON ALPHA RESPONSE were also enriched.
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Fig. 2. Unsupervised clustering based on 10-gene panel. (A) The heatmap shows that gastric cancer patients can be distinguished into three subtypes (or clusters) by consensus
clustering method in TCGA-STAD (n = 375). (B) Kaplan-Meier curve demonstrates different overall survival for three clusters. (C) The tSNE plots shows that the three clusters can
also be distinguished based on the 10-gene panel through tSNE algorithm. (D-F) The results of consensus clustering, survival analysis and tSNE can be replicated in the GSE84437
cohort (n=433). (G&H) The heatmap and box plot show the expression of 10 genes in different clusters. (I) Proportional bars, box plot, and Sankey diagram show the distribution
of patients corresponding to typical clinical features (include grade, stage, T, N, M and status), age, and microsatellite instability (MSI), respectively.

3.4. Potential of 10-gene panel for subtype classification

We then performed unsupervised clustering on 375 TCGA-STAD
tumor samples based on the 10-gene panel. The results indicated
that all samples could be clearly classified into three clusters (sub-
types) (Fig. 2A), with cluster 1 (C1) patients having the best overall
survival (OS) while C2 had the worst OS (Fig. 2B). Moreover, the tSNE
algorithm was also able to differentiate the three clusters, hence
confirming the classification reliability (Fig. 2C). The above results
were validated in the GSE84437 cohort (n=433) (Fig. 2D-F). Next,
we investigated the expression levels of panel genes in the three
TCGA-STAD clusters. All panel genes exhibited significantly in-
creased expression in C2, while generally decreased expression in C1
(Fig. 2G&H). The independent cohort, GSE84437 demonstrated si-
milar expression pattern (Fig. S8). Finally, we explored the dis-
tribution of patients with different clinical characteristics across the
three clusters. Compared to C1 and C3, C2 had; 1) a decrease number
of stage I patients and an increase in stage Il and stage IV; 2) a de-
crease in T1 and an increase in T4; 3) no significant change in lymph
node; 4) an increase in metastatic patients; 5) an increase in G3
patients; 6) an increase in death; 7) and an overall decrease in age
(Fig. 2I). These results suggested that C2 had a more malignant GC
progression and was not affected by age. We also observed that
microsatellite stable (MSS) tumors had the highest percentage of C2
patients (42.1 %), while C3 (57.6 %) and C1 (46.4 %) patients domi-
nated in tumors with high and low microsatellite instability (MSI),
respectively (Fig. 2I). MSI-type tumors usually predict better patient
survival, and detection of MSI status can provide patients with
personalized options for targeted therapies and immunotherapy
[37]. Concurrently, in comparison with the classical gastrointestinal
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tumor subtypes [38], the genome stable (GS) type contained more
C2 patients, while the MSI type contained more C1 and C3 patients,
which is consistent with the previous results (Fig. S9).

3.5. Mutation in the subtypes

We further examined the overall tumor mutation burden (TMB)
in the three clusters. C3 had the highest TMB, while C2 had a sig-
nificantly lower TMB compared to C1 and C3 (P < 0.0001) (Fig. 3A).
Mutation frequency analysis of the genes in each cluster revealed
that TP53 was the most frequently mutated gene in C2, while TTN
was the most frequently mutated gene in C1 and C3 (Fig. 3B-D).
Meanwhile, the mutation frequencies of the top3 mutated genes
TTN, TP53, and MUC16 were all decreased in C2, and patients with
TP53 and MUC16 mutations had better OS (Log-rank P < 0.05), sug-
gesting that the reduced TMB and mutation frequencies of TP53 and
MUC16 may lead worse prognosis in C2 patients (Fig. 3E). Chi-square
test was then used to obtain the mutated genes with the most sig-
nificant differences among the three clusters (Fig. 3F). Among the
top10 differentially mutated genes, TTN, CSMD3, RYR1, PLEC, and
ANK3 mutant samples were all associated with better progression-
free survival (PFS). These genes may thus serve as potential drug
targets for suppressing GC progression (Fig. 3G-K).

3.6. Altered cancer hallmark and immune microenvironment in
different subtypes

To explore the unique activation of cancer processes in the above
three clusters, we calculated the enrichment score for TCGA-STAD
samples by GSVA based on 50 cancer hallmarks collected from
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Fig. 3. Mutation characteristics of patients with different subtypes. (A) Bar plot demonstrates the tumor mutation burden (TMB) among three clusters in TCGA-STAD. (B-D)
Oncoplots show the mutation landscape of mutant genes with high mutation frequency in each cluster. (E) Kaplan-Meier curves show the overall survival of mutant and wild-type

patients with the three most frequently mutated genes (TTN, TP53 and MUC16). (F) The

oncoplot shows the mutated genes with significantly different mutation frequencies among

the three clusters by chi-square test. (G-K) Kaplan-Meier curves show that 5 of the top 10 differentially mutated genes were associated with progression-free survival (PFS) of

patients.

MSigDB (Fig. S10A). C1 and C3 shared some cell cycle-related hall-
marks such as MYC TARGETS, E2F TARGETS, and G2M CHECKPOINT.
C2 showed a high enrichment of tumor progression, metastasis, and
immune-related hallmarks such as EPITHELIAL MESENCHYMAL
TRANSITION, MYOGENESIS, ANGIOGENESIS, KRAS SIGNALING, and
INFLAMMATORY RESPONSE. Immune-related entries such as INTE-
RFERON ALPHA & GAMMA RESPONSE and PROTEIN SECRETION were
significantly enriched in C3. To gain insight into the differences in
the tumor immune microenvironment among the clusters, immune
cell infiltration of each patient was assessed by ssGSEA based on the
reported marker of 28 immune cells. Overall, all samples could be

clustered into two groups, high immune level and low immune level
group, with more C2 and C3 samples distributed in the high immune
group and predominantly C1 in the low immune group (Fig. S10B).
Moreover, compared to C1 and C3, C2 had the highest ssGSEA scores
of most immune cells, such as activated B cells, activated CD8 +T
cells, macrophages, mast cells, and natural killer cells (Fig. 4A, Fig.
S10C); while decreased infiltration of activated CD4 +T cells, neu-
trophil, type 17 T helper cells, and type 2 T helper cells. In addition,
we also investigated the correlation between the genes in the earlier
identified 10-gene panel and these immune cells. The results
showed significant positive correlations of 10 genes with most of the
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Fig. 4. Increased immune cell infiltration in C2. (A) The standard error bar graph shows that the infiltration score (calculated by single-sample gene set enrichment analysis) of
some immune cells was highest in C2 or C3. (B) Heatmap shows the Spearman correlation of 10 key genes with immune cell infiltration score. (C) Box plot shows the infiltration of
macrophage subtype immune estimated by CIBERSORT algorithm in three clusters. (D) Box plot shows the infiltration of immune cells and non-immune cells estimated by EPIC
algorithm in three clusters. (E) The standard error bar graph shows the stromal score, immune score and ESTIMATE score (usually reflecting tumor purity) for the three cluster
samples calculated by the ESTIMATE algorithm. (F) The heatmap shows the scaled expression (FPKM value) of exhausted T cell markers in the three clusters. Violin combination
plot shows the distribution of exhausted T cell score in three clusters as calculated by GSVA algorithm.

immune cells (Spearman analysis, P < 0.05) and negative correla-
tions with activated CD4 +T cells, neutrophil and Th17 (Fig. 4B, Fig.
S10D). These findings provide a molecular basis for classifying sub-
types based on the nature of the infiltrated immune cells. To validate
the results of the ssGSEA, we also performed cell abundance esti-
mation using the CIBERSORT and EPIC algorithms based on the built-
in immune cell maker, where EPIC also provided a partial maker of
non-immune cells. Results showed that C2 still exhibited a high
infiltration by major immune cell types, but there were differences
in some immune subpopulations, for example, macrophages M0 and
M1 were reduced in C2, but increased in M2 (Fig. 4C, Fig. S10E). The
pro-tumor immune infiltration in C2 may thus favor tumor growth.
C2 also had a significant increase in cancer-associated fibroblasts
(CAFs), showing a strong immune exclusion phenotype [39]
(Fig. 4D). Also, we evaluated the overall immune score, stromal
score, and ESTIMATE score for the three clusters, and C2 still had the
highest score (Fig. 4E). Moreover, we observed increased expression
of exhausted T cell markers (HAVCR2, TNFRSF9, PDCD1, TIGIT, ENTPD1,
TOX, CTLA4, and CD27) [40], and increased exhausted T cell score in
C2 (Fig. 4F&G). Therefore, we hypothesize that these precancerous
genes may be involved in the formation of a pro-tumor micro-
environment in GC patients and are associated with immune ex-
clusion/exhausted subtype shaping.
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3.7. Single-cell localization of panel genes

We further investigated the expression of the 10 panel genes in
scRNA-seq data containing 13 samples of precancerous lesions and
EGC. First, the downloaded scRNA-seq data were cleaned to remove
low-quality cells (see Materials and Methods, Fig. S11A). A total of
41,471 cells were then obtained, of which 5418 were derived from 3
NAG samples, 18,765 from 3 CAG samples, 3597 from 2 IMW sam-
ples, 10,847 from 4 IMS samples, and 2844 from 1 EGC sample (Fig.
S11B). Subsequently, we examined the distribution of cells grouped
by disease, sample and patient origin to ensure that there was no
significant batch effect (Fig. S11C-S11E). Although patient-grouped
cells showed some specific aggregation, this aggregation was cor-
related with disease type, where the specific aggregation likely re-
presented biological differences, rather than batch effect. Next, we
evaluated the expression changes of the 10 genes at the single-cell
transcriptome level in precancerous lesions. SNAI1 gradually in-
creased during the transition from NAG to EGC and reached the
highest expression in EGC; CAST showed significant upregulation
mainly at the IMS stage and was also highly expressed in EGC; CPE
and NR3C1 were upregulated at the initial CAG stage and then de-
creased, they both demonstrated the lowest expression in EGC
(Fig. 5A). The expression of the remaining six genes were relatively
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cells and non-epithelial cells. (E) The UMAP plot (left) and dot plot (right) show the cell clusters and key genes expression in all annotated cells.

low (AK5, MAP6) in EGC or stable (CPT1C, MRO, PHLDB2, TAGLN3)

from NAG to EGC (Fig. S12). This indicated that gene expression in
scRNA-seq was different from that in bulk RNA-seq in some degree.
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We then annotated the cell types and classified all cells into
epithelial cells (EPCAM, KRT18) and non-epithelial cells (VIM, PTPRC),
Here, CAST was significantly expressed in the epithelial cells, while
NR3C1 was expressed in non-epithelial cells (Fig. 5B, Fig. S13A).
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Epithelial cells were further classified as G cells (GAST), D cells (SST),
pit mucous cells (PMC) (GKN1, GKN2), gland mucous cells (GMC)
(MUC®6), parietal cells (ATP4A, ATP4B, GIF), chief cells (PGA3, PGA4,
LIPF), metaplastic stem-like cells (MSC) (OLFM4, EPHB2), proliferative
cells (PC) (MKI67, TOP2A, BIRC5), goblet cells (TFF3, SPINK4, MUC2),
enteroendocrine cells (CHGA, TPH1), and enterocytes (FABP1, CAl,
VIL1) (Fig. 5C, Fig. S13B). Among the panel genes, CPE was sig-
nificantly expressed in gastric secretory G and D cells, which may be
involved in the process of gastritis; CAST showed high expression in
various cells, but was highest in enterocytes, and associated with H.
pylori infection, suggesting that it may affect H. pylori-induced in-
testinal epithelial metaplasia (Fig. 5C, Fig. S14). Non-epithelial cells
were further classified as T cells (CD3D), B cells (CD79A), macro-
phages (CD14, CD68, CSF1R), mast cells (TPSAB1), endothelial cells
(VWF, ENG), fibroblasts (PDPN, COL1A2, DCN, COL3A1, COL6A1), and
smooth muscle cells (SMC) (ACTA2) (Fig. 5D, Fig. S13C). Gene NR3C1
was significantly expressed in T cells, and showed the strongest
correlation with immune cell infiltration among all the panel genes
based on bulk RNA-seq data analysis (Fig. 5D, Fig. 4D), hinting that it
may have an important role in immune system regulation. Moreover,
SNAIT was significantly expressed in endothelial cells and fibroblasts,
suggesting a potential SNAI1-dependent pro-tumor mechanism in
fibroblasts and endothelial cells [41]. CAST was the most widely
expressed gene in various cell comparisons, suggesting that it may
have an important contribution to the shaping of the gastric pre-
cancerous microenvironment (Fig. 5E). Finally, the dynamic changes
in the different cell types during progression from NAG to EGC was
investigated. MSC and T cells were significantly increased at the EGC
stage, suggesting elevated cell stemness and enhanced regulation of
the T cell system in the early stages of gastric carcinogenesis (Fig.
S15). In conclusion, 4 of the 10 precancerous lesion-related genes
had some changes in expression, and these changes were specific to
the different precancerous stages and cell types, and therefore could
be associated with the development of specific cell-mediated pre-
cancerous lesions.

4. Discussion

The use of a panel of differentially expressed genes to diagnose
early stage cancer is a research hot spot. Although a number of gene
panel biomarkers have been developed for GC, few studies have
focused on the dynamic changes that occur in genes as precancerous
lesions transform to GC, and how they influence GC progression. In
this study, we based on the dynamic gene expression profiles of
precancerous lesions and EGC, to identify a 10-gene diagnostic panel,
which in addition to exhibiting stepwise changes in expression from
precancerous lesions to EGC, also influence cancer progression and
patient survival. Through unsupervised clustering, this panel was
able to divide GC patients into different subtypes and demonstrated
significant relationship with OS. Furthermore, these subtypes had
distinct mutational profiles, and showed transcriptome-based
pathway alterations during cancer progression (especially dysregu-
lation of the immune microenvironment). Analysis of scRNA-seq
data revealed that these genes had significantly different expression
profiles at the single-cell level compared to bulk.

Most studies consider genes that are upregulated in tumor tis-
sues to be oncogenic, however, this assertion is not always true as
mRNA in bulk samples come from various sources and cancer de-
velopment is a complex process. Eight of the 10 precancerous lesion-
associated genes in this study were down-regulated in GC, but their
upregulation was associated with worse patient survival, moreover,
most of them showed increase in expression as the tumor stage
increased, indicating that they probably possess tumor promoting
properties in GC. Additionally, we found that all the genes, except
TAGLN3, were significantly enriched in the EMT process, further
confirming their association to GC progression and metastasis.
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Subsequently, through unsupervised clustering, the 10 genes dis-
tinguished the GC patients into three clusters, where C2 had a
generally high expression of the genes, showed more malignant
clinical features and was associated with the worst overall patient
survival. In the analysis of subtype mutation profiles, the top mu-
tated genes TTN, TP53 and MUC16 all showed decreased mutation
frequency in C2, a result consistent with reports from other studies
stating that mutations in these genes is predictors of good survival in
GC patients [42-44]. Moreover, we found a significant association
between some of the differentially mutated genes and PFS of pa-
tients, a further proof that these genes are closely associated with GC
progression. In the transcriptomic profiling of subtypes, C2 was
enriched in more malignant tumor processes and showed increased
immune cell infiltration as well as typical features of a pro-tumor
microenvironment, which may be associated with a reduced fre-
quency of TP53 mutations. Mutations in TP53 have been found to be
associated with lower immune activity in GC patients and may result
in a worse response to immunotherapy [45]. The 10-gene-based
subtype classification system may thus be indicative of the patient's
response to immunotherapy.

Finally, in an attempt to explore the association between the
panel genes and cell types, we re-evaluated their expression levels in
scRNA-seq data, and found the expression patterns significantly
different from those of the bulk RNA-seq data. Snail family tran-
scriptional repressor 1 (SNAIT), a widely reported zinc-finger tran-
scription factor, and a major regulator of EMT in various cancers [46],
was highly expressed in endothelial cells and fibroblasts. Just a few
studies have reported the association between SNAIT1 and pre-
cancerous lesions, therefore, our findings suggest that SNAI1 could
be a key promoter of the transition from gastritis to EGC, hence is a
potential target gene for early diagnosis of GC. In addition, SNAIT's
high expression in endothelial cells and fibroblasts could promote
the exclusion of immune cells, shape the immune exclusion micro-
environment and cause immune escape of tumors [47,48]. CAST was
the most widely expressed gene across all cell types. CAST encodes a
calpain inhibitor calpastatin, which is normally found at the plasma
membrane and around the nucleus, where it can be translocated into
the nucleus to regulate the WNT/-catenin pathway [49,50]. Yang
et al. revealed that CAST is a potential oncogene in GC, where its high
expression level is associated with poor OS in GC patients, and
linked to macrophage infiltration [51]. In this study, CAST is ex-
pressed in multiple cell types especially enterocytes and endothelial
cells and may regulate cellular behavior towards promoting the
formation of a pro-tumor microenvironment. We also found that
CAST was particularly expressed in IMS patients, which may have an
important contribution to intestinal metaplasia of the stomach. CPE
was mainly expressed in the gastric secretory G and D cells. Natu-
rally, CPE is involved in the synthesis of gastrin, secreted by G cells.
An association between gastrin and cancer has been reported and
gastrin-related genes have been found to be frequently upregulated
in cancer [52]. Studies in several in vitro models have shown that
gastrin can activate cancer-related signaling pathways such as
MAPK, PI3K/Akt, and EGFR signaling pathways via CCK2R [53-55].
The NR3C1 gene meanwhile was highly expressed in T cells. NR3C1
encodes the glucocorticoid receptor (GR), which is involved in the
inflammatory response, cell proliferation and differentiation of
target tissues. Studies show that GR may have dual (pro- or anti-
tumor) effects on some tumors, such as breast and prostate cancers,
but its role in GC is unclear [56]. We found that both mRNA and
protein expression of NR3C1 were lower in GC samples than in
normal samples, but its high mRNA expression tended to predict
poorer OS and the expression increased with cancer staging. In
single-cell expression assessment, significant elevations of NR3C1
were present at the CAG stage. These results suggest that the role of
NR3C1 in GC may be diverse and correlate with GC stages, hence
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deeper understanding of its specific roles in each GC stage could
facilitate its application in clinical practice.

Our study had the following limitations: First, there is hetero-
geneity in the expression and function of these precancerous lesion-
associated genes both at the bulk and single-cell levels, as well as in
pre-cancer development and cancer progression. To fully explain
these seemingly contradictory results requires larger samples and
further experimental validation. Second, gastric carcinogenesis does
not always evolve according to a stereotypical process and varies
among the intestinal, diffuse and mixed types of Lauren's classifi-
cation. Considering that we only screened genes in the three stages
of inflammation, neoplasia and cancer, skipping some precancerous
stages (e.g. CAG and IM), certain genes with important impact on
gastric carcinogenesis, that are found in these skipped precancerous
stages could have been missed [57]. In future studies, a more rational
screening strategy needs to be designed for different evolutionary
types of GC. Furthermore, the specific expression of these markers in
the blood of patients with precancerous lesions and specific stages of
GC is an important criterion for their use in clinical practice.

5. Conclusions

In summary, our study provides a reference for early diagnostic
marker discovery based on dynamic gene screening from pre-
cancerous lesions to EGC, and the identified 10-gene panel is ex-
pected to aid in the early diagnosis, progression assessment and
personalized treatment of GC. Moreover, these genes are expected to
be used for further cellular heterogeneity and mechanistic ex-
ploration.
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