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Abstract

Gastric cancer (GC) is a pressing global clinical issue, with few treatment options and a poor prognosis. The onset

and spread of stomach cancer are significantly influenced by changes in lipid metabolism-related pathways. This
study aimed to discover a predictive signature for GC using lipid metabolism-related genes (LMRGs) and exam-

ine its correlation with the tumor immune microenvironment (TIME). Transcriptome data and clinical information
from patients with GC were collected from the TCGA and GEO databases. Data from GC samples were analyzed using
both bulk RNA-seq and single-cell sequencing of RNA (scRNA-seq). To identify survival-related differentially expressed
LMRGs (DE-LMRGs), differential expression and prognosis studies were carried out. We built a predictive signature
using LASSO regression and tested it on the TCGA and GSE84437 datasets. In addition, the correlation of the prognos-
tic signature with the TIME was comprehensively analyzed. In this study, we identified 258 DE-LMRGs in GC and fur-
ther screened seven survival-related DE-LMRGs. The results of scRNA-seq identified 688 differentially expressed genes
(DEGs) between the three branches. Two critical genes (GPX3 and NNMT) were identified using the above two gene
groups. In addition, a predictive risk score that relies on GPX3 and NNMT was developed. Survival studies in both the
TCGA and GEO datasets revealed that patients categorized to be at low danger had a significantly greater prognosis
than those identified to be at high danger. Additionally, by employing calibration plots based on TCGA data, the study
demonstrated the substantial predictive capacity of a prognostic nomogram, which incorporated a risk score

along with various clinical factors. Within the high-risk group, there was a noticeable abundance of active natural killer
(NK) cells, quiescent monocytes, macrophages, mast cells, and activated CD4+T cells. In summary, a two-gene signa-
ture and a predictive nomogram have been developed, offering accurate prognostic predictions for general survival
in GC patients. These findings have the potential to assist healthcare professionals in making informed medical deci-
sions and providing personalized treatment approaches.
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Introduction

Globally, gastric cancer (GC) is the third most frequent
cancer and the fifth most common cause of cancer-
related death [1]. GC is widely distributed globally, but its
incidence varies significantly in different regions. High-
risk areas include East Asia (such as Japan, South Korea,
and certain regions of China), Eastern Europe, and South
America [2, 3]. In North America and Western Europe,
there are fewer cases of stomach cancer. The prevalence
of stomach cancer increases with age, especially among
the middle-aged and elderly population, particularly
those aged 50 and older [4]. However, lately, there have
been reports demonstrating a rise in the frequency of
stomach cancer among younger people. Despite signifi-
cant advancements in clinical practices for the identifi-
cation and management of GC, the persistent hurdles
of insufficient early detection and limited treatment
options for advanced cases have contributed to a 5-year
survival rate of less than 10% [5, 6]. This is still the case
despite substantial advancements in the clinical diagno-
sis and management of GC. Thus, the identification and
evaluation of tumor prognostic indicators are of critical
importance for the evaluation of tumor progression, the
prediction of therapy efficacy, the reduction of the recur-
rence rate and mortality, and the extension of survival
time.

Lipid metabolism refers to the synthesis, breakdown,
and utilization processes of fats in the body [7]. Fats are
essential nutrients and include fatty acids, glycerol, and
some fat-soluble vitamins. Lipid metabolism plays a cru-
cial role in various essential functions within the human
body [8]. First, fats serve as a vital energy source. When-
ever the body demands energy, lipids undergo decom-
position into fatty acids and glycerol, subsequently
undergoing further processing to generate ATP, the pri-
mary fuel for powering physiological functions [9, 10].
Second, fats play a crucial role in regulating body tem-
perature, as they provide insulation when stored in sub-
cutaneous tissue, reducing heat loss [11]. Additionally,
fats are essential components in the construction of
cell membranes, and the structure and function of cell
membranes depend on the synthesis and regulation of
fats [12]. Furthermore, fats are involved in the synthe-
sis of hormones and biologically active substances such
as vitamin D. Many studies indicate that changes in lipid
metabolism could have an essential part in tumor for-
mation and progression [13, 14]. According to certain
research, tumor cells demonstrate considerable changes
in lipid metabolism. To meet the energetic and meta-
bolic requirements of their rapid expansion, tumor cells
frequently display enhanced fatty acid production and
esterification pathways. This aberrant lipid metabolism
may enable tumor cells to grow, invade, and spread [15,
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16]. On the other hand, research has also shown that
lipid metabolism abnormalities can influence the host’s
immune response to tumors. For instance, lipid metab-
olism disturbances may lead to alterations in immune
cell function, thereby weakening the host’s antitumor
immune response [17, 18]. Additionally, lipid metabolism
abnormalities can impact the formation of the tumor
microenvironment, creating a more favorable environ-
ment for tumor growth and invasion. Furthermore, there
is an association between certain inherited lipid metab-
olism disorders and tumor development. For example,
certain genetic mutations related to lipid metabolism,
such as mutations in genes associated with triglycer-
ide metabolism, have been found to increase the risk
of specific types of tumors [19, 20]. Aberrations in lipid
metabolism have been linked with a heightened suscepti-
bility to GC according to numerous studies. For instance,
stomach cancer has been associated with elevated cho-
lesterol levels. Additionally, lipid metabolism abnormali-
ties may also impact the prognosis of GC. According to
research findings, specific markers associated with lipid
metabolism have shown potential associations with the
aggressive nature and poor prognosis of GC [21, 22].
In recent years, research has revealed significant new
insights into the role of lipid metabolism in GC. Lipid
metabolism plays a key role in cancer cell proliferation,
particularly through pathways such as fatty acid synthe-
sis. Additionally, it impacts the tumor microenvironment
by controlling processes such as inflammation, immune
suppression, and angiogenesis, which are vital for GC
development. Specific lipid molecules, including phos-
phatidylinositol, fatty acids, and cholesterol metabolites,
also regulate signaling pathways linked to tumor growth,
invasion, and metastasis. Furthermore, the involvement
of lipid metabolism in drug resistance poses a significant
challenge in treating GC [23-25]. It was reported that
reprogrammed lipid metabolism allows GC cells to use
lipids as an energy source, supporting their rapid growth
and division. This metabolic adaptation helps tumor
cells thrive in the challenging tumor microenvironment.
Lipid metabolism reprogramming may also facilitate the
spread (metastasis) of GC to other parts of the body.
Lipids can provide the necessary building blocks for the
formation of new membranes in migrating cancer cells.
In addition, abnormal lipid metabolism can contribute to
resistance to various cancer treatments, including chem-
otherapy and targeted therapies. GC cells may develop
mechanisms to evade the effects of these therapies by
altering their lipid metabolism [21, 23]. An applicable
technique for evaluating prognostic performance was to
construct a model of the risks associated with progno-
sis. Various risk models have been created to investigate
the prognostic significance of genes linked to the tumor
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microenvironment, immune cell infiltration, and energy
metabolism in GC. However, lipid metabolism-related
genes (LMRGs) in GC remain incompletely understood.

Single-cell RNA sequencing (scRNA-seq) is a high-
throughput analysis technique used to sequence the
genome, transcriptome, or epigenome of individual cells
[26]. Traditional sequencing methods typically require
a large number of cells, which are mixed together for
sequencing, thereby masking the individual differences
between cells [27]. In contrast, single-cell sequencing
technology allows sequencing at the level of single cells,
enabling researchers to understand and compare the
genetic information and functions of different cells [28,
29]. The development of single-cell sequencing technol-
ogy provides researchers with detailed insights into cells,
revealing the heterogeneity of cells in development, dis-
ease, and other biological processes. Through single-cell
sequencing, different cell types, subtypes, and transitions
in cell states can be identified. Additionally, single-cell
sequencing can uncover interactions and communication
networks between cells. It is important to note that the
diverse composition of immune cell infiltrates is a critical
component in determining the therapeutic response and
prognosis in GC as well as in other types of tumors [30,
31]. Unfortunately, because scRNA-seq requires a sig-
nificant financial investment, only a few sample datasets
were selected. Regarding the analysis of characteristics
pertaining to individual cell subpopulations derived from
bulk samples and the interplay between each cell and the
TIME, the information garnered through single-cell RNA
sequencing (scRNA-seq) holds significant potential for
utility.

The purpose of this research was to employ single-cell
sequencing and transcriptome sequencing to create a
novel risk signature based on LMRGs that may be used
for risk assessment and clinical decision making in GC.
Furthermore, our findings could open up new avenues for
drug development and targeted therapies that specifically
address the dysregulation of lipid metabolism in GC.
Ultimately, we aspire to contribute to improved patient
outcomes and a deeper understanding of the molecular
intricacies underlying this complex disease.

Materials and methods

Data collection

To locate genes involved in lipid metabolism (LMRGs),
the MSigDB "Lipid Metabolism" category was exam-
ined. From The Cancer Genome Atlas (TCGA) database,
375 GC specimens and 32 surrounding normal speci-
mens were extracted for high-quality mRNA analysis.
Additionally, clinical information, such as grade, age, sex,
pathological stage, N stage, T stage, and M stage infor-
mation, was retrieved from the TCGA databases. Using

Page 3 of 21

the Perl programming language, the data were compared
between gene expression profiles and clinical data, with
any ambiguous or missing clinical data being eliminated.
Subsequently, the R programming language was utilized
to investigate the relationship between survival status
and gene expression. Furthermore, we analyzed data
from a total of 707 tumor samples, along with their cor-
responding normal cells, which were sourced from the
Gene Expression Omnibus (GEO) database under acces-
sion number GSE112302. Additionally, we incorporated
RNA-seq data from 434 GC samples from the GSE84437
dataset and 300 GC samples from GSE62254.

Data processing of the scRNA-seq

To preprocess and standardize the tumor specimens from
the GSE112302 single-cell sequencing data, the research-
ers employed the Seurat program available in RStudio. In
this study, genes that were expressed in fewer than three
and mitochondrial genes that were expressed in more
than five percent of the samples were filtered out. Dif-
ferent cell clusters were found using methods for reduc-
ing dimension, including principal component analysis
(PCA) and t-distributed stochastic neighbor embedding
(tSNE). These clusters were then labeled based on marker
genes, with a resolution of 0.5. Single cells with more
than 7,000 genes were also excluded from further analysis
as a means of preventing the formation of possible dou-
blets. Single-cell gene expression data were then adjusted
using the "NormalizeData" function using the "LogNor-
malize" normalization approach. The revised expression
matrix served as a data input for further analyses.

Differentially expressed LMRGs (DE-LMRGs)

and enrichment analysis

TCGA RNA-seq data were used to normalize the tran-
scripts per million data. The RNA-seq data were also uni-
formed with the scale function in the dplyr R package.
The sva R package enabled batch correction to be carried
out. Differential analysis was then carried out using the
collected RNA-seq data. The limma R program screened
out the LMRGs and analyzed the differentially expressed
genes (DEGs) between normal and malignant tissues.
The ggplot2 R tool was then used to display the result-
ant LMRGs. To gain insights into the potential biological
functions and roles of these LMRGs, enrichment analy-
ses were conducted using the "clusterProfiler" R package,
utilizing the Gene Ontology (GO) and KEGG databases
[32]. To establish a prognostic LMRG signature, the
researchers conducted univariate Cox regression analysis
to identify LMRGs associated with overall survival. Only
LMRGs that demonstrated significant associations below
a false discovery rate (FDR) cutoff of 0.05 were chosen for
inclusion in the signature.
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Creation and assessment of the LMRG signature

A predictive gene signature was developed using a least
absolute shrinkage and selection operator (LASSO)
regression model, which helped to select optimal param-
eters and establish a sequence of genes with predictive
capabilities. The implementation of the LASSO meth-
odology through the "glmnet" R package facilitated vari-
able selection and dimensionality reduction, enhancing
the accuracy of the model. Risk ratings were assigned
to patients based on their gene expression levels, and
the prognostic value of the signature was assessed using
Kaplan—Meier plots and receiver operating characteris-
tic (ROC) curves. To validate the robustness of the gene
signature model, risk scores were generated using the
GSE84437 dataset. ROC analysis was also used to assess
the prognostic performance of the model in the valida-
tion sets. To find independent prognostic indicators for
GG, survival studies were conducted on GEO datasets by
means of the "survival" package in R. Both multivariate
and univariate analyses were used.

Construction and validation of the nomogram model

To incorporate all relevant clinicopathological parame-
ters that demonstrated statistical significance, a multivar-
iate Cox analysis was conducted. The resulting findings
were utilized to develop a visually informative nomogram
model using the "rms" and "survival" R packages. The
nomogram model integrated sex, age, T stage, N stage,
M stage, grade, clinical stage and risk score, enabling the
estimation of patients’ 3- and 5-year survival probabili-
ties. Additionally, the ROC curve of the nomogram was
plotted to assess its predictive performance in terms of
GC patient prognosis.

Analysis of gene set variation (GSVA)

The "GSVA" R tool was utilized to conduct GSVA on the
gene description, allowing us to compare biological pro-
cesses between groups with moderate and elevated risk
scores [33]. The analysis of an expression matrix sample
using nonparametric and unsupervised GSVA can reveal
alterations in pathways or biological processes. The refer-
ence group from the "c2.cp.kegg.v7.1.symbols" category
in the molecular signatures database was utilized in this
study as the genetic group of interest. The enrichment
route was significant if the FDR was less than 0.05.

Evaluation of the relative distribution of immune cells
infiltrating GC tissues

In GC tissues, the composition of tumor-infiltrating
immune cells (TIICs) was evaluated using the CIB-
ERSORT deconvolution method within the TCGA
GC cohort and corresponding normal samples. The
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CIBERSORT platform (https://cibersortx.stanford.edu/)
was used to obtain the genetic profile matrix for 22
TIICs. By aligning the expression matrix data with the
TIIC profile matrix from CIBERSORT, support vector
regression was employed to make a percentage matrix
representing the proportions of the 22 TIICs in GC tis-
sues, categorized into high- and low-score groups. To
ensure the reliability of the results, the Monte Carlo sam-
pling approach was utilized to calculate P values for the
deconvolution of each sample. The inferred proportions
of TIICs assessed by CIBERSORT were considered reli-
able if the P value was below the significance threshold
of 0.05. Thus, only samples having a CIBERSORT P value
of 0.05 were considered appropriate for future study. In
addition, the signature matrix was preconfigured with
100 permutations.

Statistical analyses

R software (version 3.5.1, the R Foundation, Vienna, Aus-
tria) was applied to perform the data analysis for this
study. One-way analysis of variance (ANOVA) was used
for comparisons involving more than two participant
groups, while the t test performed by the students was
utilized to evaluate differences between two participant
sets. The log-rank test was applied to assess group differ-
ences, and Kaplan-Meier analysis was applied to create
survival curves. Cox’s proportional hazards model was
used to find the factors that had a significant impact on
survival results. The level of P<0.05 was used to deter-
mine two-sided P values, and it was deemed significant.

Results

Identification of DE-LMRGs in GC specimens and functional
enrichment analysis

To identify DE-LMRGs between GC specimens and non-
tumor specimens, we analyzed TCGA datasets using
the limma R package. A total of 258 DE-LMRGs were
obtained: 107 genes were significantly downregulated,
and 151 genes were significantly upregulated (Fig. 1A,
B). To examine the functional relevance of DEGs, a Gene
Ontology (GO) enrichment analysis was carried out.
Several GO keywords showed high enrichment in the
context of biological processes, including peroxisome,
glycerolipid metabolism, phospholipid metabolism, and
fatty acid metabolism. microbody, and transferase activ-
ity involving acyl groups (Fig. 1C, D). Furthermore, the
KEGG pathway analysis highlighted that 258 DE-LMRGs
were prominently associated with various pathways, such
as PPAR signaling, drug metabolism-cytochrome P450,
glycerophospholipid metabolism, Fc epsilon RI signal-
ing, xenobiotic metabolism by cytochrome P450, retinol
metabolism, and peroxisome (Fig. 1E). These findings
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shed light on the functional roles and potential pathways
implicated in the observed gene expression changes.

Identification of survival-related DE-LMRGs in GC patients

Then, we performed univariate analysis to screen sur-
vival-related DE-LMRGs in GC patients. As shown in
Fig. 2A, we confirmed seven survival-related DE-LMRGs
in GC patients, including ATP1B4, CD36, GGT5, GPX3,
NNMT, CDO1 and CYP26C1. The Kaplan—Meier anal-
ysis of survival data showed that patients with high
expression of all seven of the aforementioned genes
had considerably shorter general survival durations
than patients with low expression (Figs. 2B, C). To fur-
ther investigate the association between these genes
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and survival, the somatic mutation profile of the seven
survival-related DE-LMRGs was examined. Among the
433 GC samples analyzed, 26 exhibited mutations in the
LMRGs, with a mutation frequency of 6% (Fig. 2D, E).
These findings highlight the potential impact of these
genes on patient survival and provide insights into the
somatic mutation landscape of the DE-LMRGs in GC.

Cell trajectory analysis identified three GC subsets

The GSE112302 dataset was used to extract 402 cells
from 6 different GC sample types for this study. Two cells
did not match the defined criteria; hence, 400 cells were
chosen for further investigation after rigorous evaluation
of quality and normalization (Fig. 3A). These selected
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cells were deemed suitable for deeper research in line
with the study’s objectives. There was no link between the
sequencing depth and the mitochondrial gene sequences
(Fig. 3B). Analysis was performed on a total of 16,288
genes, 14,788 of which showed little change between
cells and 1,500 of which showed significant variance
(Fig. 3C). The dimensionality of the scRNA-seq data was
initially reduced using principal component analysis. The
research revealed that no statistically meaningful sepa-
ration of GC cells was observed (Fig. 3D). The marker
genes shown in Fig. 3E displayed unique expression pat-
terns, as shown in Fig. 3F. From these marker genes, 16
principal components (PCs) with major variations were
chosen for deeper research (Fig. 3G). The t-distributed
stochastic neighbor embedding (tSNE) method was used
to divide the 400 GC cells into five groups. The top 10%
of the marker genes for each group were depicted in a
heatmap following the identification of marker genes by
differential analysis (Figs. 4A, B). Figure 4C, D depict the
expression profiles of the key marker genes within the
five identified clusters. In addition, we categorized the
cells based on the flag genes they express, such as epithe-
lial cells and macrophages (Fig. 5A). Then, we performed
cell trajectory analysis and identified three branches
(Fig. 5B, E). To screen critical genes in GC progression,
we analyzed DEGs between the three branches and iden-
tified 688 DEGs.

Construction and assessment of a prognostic model based
on LMRGs

The aforementioned findings led to the identification
of 688 differentially expressed genes (DEGs) across the
three branches, indicating their potential importance
in the development of GC. Subsequently, by intersect-
ing these DEGs, 7 DE-LMRGs associated with patient
survival were selected, leading to the identification of 2
crucial genes, GPX3 and NNMT (Fig. 6A). To refine the
gene pool further, researchers employed LASSO analy-
sis, which helped reduce the number of genes. Eventu-
ally, they established a predictive risk score model by
utilizing the variations in two specific genes, GPX3 and
NNMT (Fig. 6B, C). Each sample’s risk rating was estab-
lished by considering the following: score of potential
danger=0.20899 * GPX3+0.12400 * NNMT. High- and
low-risk GC samples were clearly separated using the

(See figure on next page.)
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risk score methodology (Fig. 6D, E). Visualizations of
risk score distributions and GC status distributions dem-
onstrated that samples from the aforementioned risk
categories were distributed normally (Fig. 6F, H). The
examination of Kaplan-Meier survival data revealed that
patients belonging to the group with greater risk exhib-
ited significantly lower rates of general survival (OS) and
progression-free survival (PES), as illustrated in Fig. 61, J.
Figure 6K demonstrates the area under the curve (AUC)
values for predicting OS at 1-year, 3-year, and 5-year
intervals, which were measured to be 0.599, 0.610, and
0.640, respectively. Furthermore, our findings indicated
that the predictive capability of the risk model surpassed
that of individual indicators such as age, sex, grade, and
stage, as demonstrated in Fig. 6L. These results highlight
the potential clinical significance of the risk model based
on the identified genes (GPX3 and NNMT), indicating
its superiority in predicting patient outcomes compared
to traditional single indicators. Cox regression analysis,
including both univariate and multivariate approaches,
was employed to assess whether the metabolic prog-
nostic signature could predict outcomes autonomously
from histological grade, sex, age, and clinical stage. The
outcomes of the univariate Cox analysis and multivariate
analysis supported the notion that the newly developed
prognostic signature could function as an independent
prognostic factor (Fig. 6M, N). Furthermore, the prog-
nostic value of the novel prognostic model based on
LMRGs was validated using the GSE84437 (Korea) and
GSE62254 (Singapore) datasets. As illustrated in Fig. 60,
I, patients classified in the high-risk group demonstrated
significantly inferior overall survival compared to those
in the low-risk group, thereby strengthening the model’s
predictive efficacy. Moreover, we performed subgroup
analysis according to different clinical features. As shown
in Fig. 7A, D, our results suggested that the prognostic
model is more suitable for patients with G1-G2 grade
GC and those in stages I-II. The performance of the
prognostic model was notably improved within these
specific subgroups, highlighting its efficacy in predict-
ing outcomes for patients with well to moderately dif-
ferentiated tumors (G1-G2) and those diagnosed at early
stages of the disease (stage I-1I). These findings suggest
the potential utility of the model for risk assessment and
treatment planning within this particular patient cohort.

Fig. 3 Data normalization and quality assurance for scRNA-seq. A A total of 400 cells were tested for further investigation after quality control

and normalization removed 2 nonconforming cells. B Mitochondrial gene sequences were shown to correlate with sequencing depth. C Analysis
was performed on a total of 16,288 genes, 14,788 of which showed little change between cells and 1,500 of which showed significant variance. D
PCA calculated using data from scRNA-seq. E and F The marker genes and their expression patterns. G It was determined that 15 PCs had significant

differences when P was less than 0.5
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In addition, we performed research on the connection
between the risk score and various clinical factors. The
findings displayed in Fig. 8A, G revealed a positive link
between a higher risk score and advanced grade, clinical
stage, T stage, M stage, and N stage. This finding high-
lights the potential clinical relevance of the risk model in
disease forecasting progression and patient prognosis.

Construction of a nomogram to forecast survival

To forecast overall survival in GC samples, a nomogram
was developed, incorporating age, sex, pathological
stage, T stage, N stage, M stage, and a risk score estimate
(depicted in Fig. 9A). Calibration curves were generated
at 1, 3, and 5 years, confirming the nomogram’s ability
to predict overall survival in GC patients (Fig. 9B). Fur-
thermore, the results of AUC testing demonstrated that
the nomogram (AUC=0.722) outperformed individ-
ual indicators such as age (AUC=0.602), clinical stage
(AUC=0.617), and the predictive risk assessment model
(AUC=0.638) (Fig. 9C). Multivariate Cox regression
analysis further revealed that the novel nomogram serves
as an independent predictor of outcome for GC patients
(Fig. 9D, E).

Immune-associated cell and process distribution

in the groups with high and low risks

To evaluate the distribution of immune-associated cellular
components and biological processes in the high-risk and
low-risk groups, we conducted GSVA (Gene Set Variation
Analysis) enrichment analysis using gene sets obtained
from MSigDB annotated as "c2.cp.kegg.v7.2". The objec-
tive of this analysis was to explore the intricate immu-
nological behaviors associated with these two groups.
Importantly, our findings revealed immune-related path-
ways in the low-risk group, suggesting augmented immuno-
reactivity and potential efficacy of immune responses within
this particular subgroup, including KEGG_AUTOIMMUNE _
THYROID_DISEASE, KEGG_ASTHMA, KEGG_INTESTI-
NAL IMMUNE_NETWORK_FOR_IGA_PRODUCTION,
KEGG_CELL _ADHESION_MOLECULES_CAMS,andKEGG_
HEMATOPOIETIC_CELL_LINEAGE (Fig. 10A). These
findings suggest distinct immune cell distributions and

(See figure on next page.)
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processes between groups with greater and lower risks,
indicating potential implications for the prognosis and
immune status of GC patients. A total of 22 distinct
immune cell profiles were developed from GC samples,
and the fraction of tumor-infiltrating immune subsets was
assessed with the CIBERSORT method to further validate
the link between the risk score and TIME (Fig. 10B, C). The
levels of several immune cells exhibited a dysregulated level
between GC samples and normal samples (Fig. 10D). In
the group characterized by a higher risk, there was a sub-
stantial enhancement in the activation of memory CD4 T
cells. Conversely, in the low-risk group, obvious growth can
be seen in the activation of NK cells, as well as an elevation
in the presence of activated monocytes, M2 macrophages,
and resting mast cells (Fig. 10E). Furthermore, the group
at greater risk activated inflammation-promoting function,
type II IFN response, type I interferon (IFN) response,
T_cell_co_inhibition, and APC_co_inhibition, indicating
that activation of the above pathway in patients at greater
risk can impact cancer patients undergoing immuno-
therapy, limiting the effectiveness of immune treatment
and promoting tumor evasion from immune attacks
(Fig. 10F).

The expression of GPX3 and NNMT in GC patients, as well
as its relationship with clinical variables

Then, using normal and GC specimens from the TCGA
databases, we conducted an expression analysis of GPX3
and NNMT. Based on the results shown in Fig. 11A, we
found that GPX3 expression was much lower in GC spec-
imens than in nontumor samples, indicating that GPX3
may play a role in the pathogenesis of GC. Additionally,
our research found a link between elevated GPX3 expres-
sion and more advanced clinical indicators, suggest-
ing a potential function for GPX3 in tumor progression
(Fig. 11A). In contrast, NNMT expression was greater
in GC specimens than in normal specimens, indicating
its potential as a biomarker for GC. Furthermore, our
findings indicated that elevated NNMT expression was
linked with advanced clinical stage, T stage, N stage, and
grade, underscoring its potential relevance as a prognos-
tic indicator (Fig. 11B). These results shed light on the

Fig. 6 Construction of an LMRG signature and evaluation of the possibility for independent prognostication. A Venn diagram to identify

the common genes of 688 DEGs between three branches and survival-related DE-LMRGs. B and C Cvfit and lambda curves demonstrating
minimal criterion LASSO regression. D and E Principal component analysis. F-H Distributions of overall survival and risk scores, as well as risk score
distributions. 1 and J Kaplan—-Meier curves for individuals with GC showing their overall survival and survival without progression. K The ROC curve
demonstrates the innovative model’s ability to predict 1-, 2-, and 3-year survival rates in GC patients. L The AUC values were obtained to evaluate
the risk score’s predictive capacity with other prognostic parameters. M and N The impact of the novel prognostic model on the general survival
rate was investigated using results from univariate and multivariate Cox regression analyses. O The predictive importance of the newly generated

LMRG signature was also validated in the GSE84437 dataset
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Fig. 7 Kaplan—Meier curves of overall survival differences stratified by (A) age, (B) sex, (C) grade and (D) pathological stage between the high-risk

groups and low-risk groups
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differential expression patterns of GPX3 and NNMT in
GC, emphasizing their potential importance in under-
standing the disease and assessing patient outcomes.

Discussion

GC is a common malignant tumor, and prognostic pre-
diction is of great significance in guiding treatment strat-
egies and patient management [6, 34]. Advances have
been made in the clinical research of GC prognostic
prediction methods, including molecular markers, gene
expression profiles, clinical pathological factors, imag-
ing features, artificial intelligence and machine learning

[35, 36]. However, these methods also have limitations.
The diversity and heterogeneity of GC limit the predic-
tive results. Difficulties in data acquisition and processing
complicate prognostic prediction. Lack of consistency
and standardization make it challenging to compare
and apply the results [37, 38]. There are limitations in
the accuracy of prediction, and challenges exist in vali-
dation and external generalization. Nevertheless, with
technological advancements and further research, the
accuracy and applicability of these methods are expected
to improve, providing better support for personalized
treatment of GC patients. Recently, an increasing number
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Fig. 9 Nomogram to determine the overall chance of people diagnosed with GC surviving the disease. A Using the TCGA datasets as input,

a prognostic nomogram was developed to estimate patients’chances of surviving GC. B Calibration curves of the nomogram for estimating 0.5-, 1-,
and 3-year survival using TCGA datasets. C ROC curves for evaluating the predictive performance of clinical pathological features and risk score. D
and E The prognostic value of the nomogram was evaluated through the performance of univariate and multivariate Cox regression analyses
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of studies have developed novel prognostic models based
on different gene types.

Numerous studies suggest that abnormalities in lipid
metabolism may be linked to the development and
spread of gastrointestinal tract cancers [39, 40]. Lipid
metabolism abnormalities conditions increased levels
of low-density lipoprotein (LDL), and changes in lipid
protein metabolism are examples of lipid metabolism
abnormalities [41]. These aberrant conditions could raise
the possibility of catching stomach cancer. An elevated
risk of stomach cancer is linked to elevated cholesterol
levels. Cholesterol is an important component of cell
membranes, but high cholesterol levels may have a pro-
moting effect on gastric mucosa and GC [23, 42]. Lipo-
proteins are proteins responsible for transporting lipids
and cholesterol. Lipoprotein abnormalities have been
related to an increased risk of stomach cancer, accord-
ing to research. For instance, an increased possibil-
ity of GC may be linked to a higher level of low-density
lipoprotein (LDL). Through inflammatory reactions,
abnormalities in lipid metabolism may contribute to the
growth of stomach cancer. Abnormal lipid metabolism
can activate inflammatory cells and release inflamma-
tory factors, thereby exerting an influence on the devel-
opment of GC [25, 43]. Recent studies have employed
LMRGs to create novel predictive models for a variety
of tumor types, including papillary thyroid cancer, colon
adenocarcinoma, and bladder cancer. In addition, Wei
et al. created a risk prediction assessment based on 19
genes associated with lipid metabolism (SMPD3, FUTS6,
ST3GAL1, B4AGALNT1, GALC, CYP1A2, LTC4S, GPX3,
GPD2, PIGZ, SMPD2, SGMS1, DPM2, PIK3CA, CDIPT,
PLCB3, IPMK, LPL and ACADS). Their model was also
confirmed to have a strong ability to predict the clinical
prognosis of GC patients [44]. However, their findings
were based on the transcriptome. At present, there is
currently no information available regarding the prog-
nosis model for LMRGs based on the combined analy-
sis of single-cell genetic sequencing and transcriptome
sequencing. In this study, we screened seven survival-
related DE-LMRGs in GC patients, including ATP1B4,
CD36, GGT5, GPX3, NNMT, CDO1 and CYP26C1. By
using scRNA-seq data, we identified 688 genes that may

(See figure on next page.)
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have a significant influence on the differentiation process
of GC cells. Importantly, we finally screened two critical
genes, GPX3 and NNMT, between the scRNA-seq data
and transcriptome data. The GPX3 gene encodes glu-
tathione peroxidase 3, which is an antioxidant enzyme
responsible for clearing harmful oxidizing substances
such as hydrogen peroxide within cells and maintain-
ing the cellular redox balance [45]. A study found that
patients with colorectal cancer have significantly lower
levels of GPX3 gene expression than those without the
disease. This may be associated with an increase in oxi-
dative stress levels within tumor cells, thereby promot-
ing cancer cell proliferation and survival [46]. A previous
study reported that in the HGSA subtype of ovarian can-
cer, there is a distinct separation between tumors with
high and low GPX3 expression. GPX3 is essential for
the survival of HGSA ovarian cancer cells in the ascites
tumor microenvironment, and it acts as a protective fac-
tor against external oxidative stress factors. These results
highlight the importance of GPX3 as an adaptive mech-
anism necessary for transcoelomic metastasis. Zhou
et al. reported GPX3 hypermethylation in GC, which
indicated a shorter period before the recurrence of the
tumor in individuals older than 60 [47]. However, the
potential function of GPX3 in GC has not been investi-
gated. Our findings suggested that high GPX3 expression
was associated with advanced clinical stage, suggest-
ing that it is a tumor promotor in GC. Reduced histone
methylation is a consequence of NNMT'’s ability to cata-
lyze the methylation of pyridine compounds with S-5'-
adenosyl-l-methionine. NNMT is widely expressed in
the human body, especially in organs and tissues such as
the liver, kidneys, brain, lungs, and adipose tissue, where
it is expressed at higher levels [48, 49]. The activity and
expression levels of NNMT are regulated by various fac-
tors, including genetic variations, environmental factors,
and nutritional status. Recent studies have indicated that
the NNMT gene is associated with several important
physiological and disease processes. For example, the
NNMT gene may play a role in energy metabolism, fatty
acid oxidation, liver fat accumulation, diabetes, obesity,
and cardiovascular diseases [50, 51]. Furthermore, mul-
tiple investigations have elucidated a notable correlation

Fig. 10 Investigations of immune cell dispersion in GC patients. A An illustration of the spatial distribution of immune cell infiltration

around patients with GC using a heatmap representation of GSVA enrichment in groups with greater and lower risk. B The ratios of 22 immune cell
types in normal and GC samples were compared, showing variations in immune cell infiltration. C Correlation matrix exhibiting the percentages

of all 22 TIIC categories, revealing the makeup and interactions between these immune cells in the GC microenvironment. D The percentage of TIICs
in GC samples vs control samples was compared using a violin plot. E Violin plot comparing TIIC proportions across people with scores with greater
and lower scores in GC samples, emphasizing the variations in immune cell composition. F Distinct functional profiles related to immune

system regulation were observed between patients with greater and lower risk scores, indicating potential variations in immune response

and immune-related functions in these individuals
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Fig. 11 The expression patterns of (A) GPX3 and (B) NNMT in GC specimens and normal specimens, as well as their association with several clinical
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between NNMT gene expression and the initiation and
advancement of tumors. Significantly, Liang et al. docu-
mented an upregulation of NNMT expression in GC and
highlighted its role in promoting epithelial-mesenchymal
transition (EMT) in GC cells through the activation of
TGF-1 expression [52]. These findings collectively sug-
gest that NNMT and GPX3 play pivotal roles as tumor
promoters in the progression of GC.

Next, a novel prognostic model incorporating GPX3
and NNMT was developed. Through gene signature
analysis, patients with GC were divided into two distinct
groups with greater and lower groups. The group with
greater risk exhibited significantly lower overall survival
rates, with a survival rate of less than 15%, compared to
the group with lower risk. This signature’s predictive sig-
nificance was further verified in the GSE84437 (Korea)
and GSE62254 (Singapore) datasets. Our findings indi-
cated that the signature’s ability to predict or classify cer-
tain outcomes, such as disease prognosis or treatment
response, has been consistently demonstrated across
multiple datasets representing diverse populations. Our
results strengthened the confidence in the signature’s
validity and applicability, as it has shown consistent per-
formance beyond the initial dataset, making it more likely
to be a reliable tool for its intended purpose. In addi-
tion, the calibration curve of the prognostic nomogram
showed that the expected and observed survival rates for
each overall survival outcome were in good agreement.
After controlling for other clinical parameters, further
study suggested that this signature could be a useful
prognostic predictor.

The TIME encompasses a complex network of cel-
lular, molecular, and signaling interactions surround-
ing the tumor [53]. It comprises diverse elements, such
as tumor cells, immune cells (including T cells, B cells,
and macrophages), blood vessels, stromal cells, cytokines
and chemical substances [54]. The TME has a critical
influence on the initiation, progression, and therapeu-
tic response of tumors [55]. The inflammatory reactions
occurring within the immune microenvironment of the
tumor are of significant importance in both the forma-
tion and management of tumors. Scientific inquiries
have unveiled the significant impact of tumor-associated
inflammation on tumor cell proliferation, infiltration,
immune cell modulation, and immune checkpoint mol-
ecule expression [56, 57]. Within the TME, the presence
of immune cells assumes a paramount role in tumor
progression and therapeutic interventions. Extensive
studies have established a robust association between
the abundance and functional attributes of immune cell
populations, such as tumor-infiltrating lymphocytes and
tumor-associated macrophages, and patient prognosis
[58, 59]. Hence, modulating the activity and functionality

Page 19 of 21

of tumor-associated immune cells may become a novel
therapeutic strategy. The process of vascularization
within the TIME is necessary in the development and
spread of tumors. Recent research indicates that inhibit-
ing tumor-associated angiogenesis may enhance the effi-
cacy of immunotherapy by reducing tumor oxygen and
nutrient supply and improving immune cell infiltration
and activity. According to a recent study, we identified a
noteworthy enrichment of monocytes, M2 macrophages,
and resting mast cells in the high-risk group, indicat-
ing a potential association with increased risk. M2
macrophages are a subpopulation of macrophages that
function primarily in immune regulation, tissue repair,
and immune tolerance. In certain circumstances, an
increase in M2 macrophages may be associated with
tumor progression and unfavorable prognosis. M2 mac-
rophages can suppress immune responses and promote
tumor evasion of immune surveillance. They release anti-
inflammatory factors and immunosuppressive molecules
that inhibit the activity of other immune cells, hindering
immune attack against tumors. In addition, M2 mac-
rophages can promote tumor angiogenesis (blood ves-
sel formation), providing the tumor with the necessary
oxygen and nutrients, thereby facilitating tumor growth
and metastasis. Furthermore, we noted the activation
of pathways related to inflammation promotion, type II
interferon (IFN) response, type I IFN response, T_cell
co-inhibition, and APC_co-inhibition in the high-risk
group. This observation suggests a potential involvement
of these pathways in driving the increased risk associated
with this particular group. These findings suggest that
activating these pathways in patients living in dangerous
situations may have detrimental effects on the efficacy of
immunotherapy and facilitate tumor immune evasion. In
summary, our results indicate that patients with a higher
risk profile in GC may exhibit reduced responsiveness to
immunotherapy.

Study strengths and limitations

We first performed integrated analysis of single-cell and
bulk RNA sequencing data to develop a novel prog-
nostic model for gastric cancer. Nevertheless, several
limitations should be considered in our study. First, the
primary data source utilized was predominantly derived
from the TCGA database, which predominantly repre-
sents individuals of European or Asian descent. Extreme
care is warranted when extrapolating our results to
patients of different races. Second, a tumor prognosis
model requires a large amount of clinical data for training
and validation. When the sample size is within a scope,
it can potentially affect the performance and reliability of
the model. This can lead to insufficient predictive capa-
bility or the problem of overfitting. Third, the potential
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functions of NNMT and GPX3 were not investigated in
this study.

Conclusion

In summary, we used two LMRGs to create a predictive
signature for GC patient outcomes. In addition to provid-
ing a possible treatment target for GC patients, this sig-
nature may be used to better understand the mechanics
of lipid metabolism and provide more accurate, individ-
ual prognosis predictions.

Authors’ contributions

Jinze Zhang, Xiangjuan Chen and Yushan Wei designed the study and wrote
the research. Jinze Zhang, He Wang, Yu Tian and Tianfeng Li analyzed the
results. Wei Zhang and Li Ma designed the letters and figures. He Wang, Tian-
feng Li and Xiangjuan Chen reviewed and edited the paper. All authors have
read and approved the manuscript writing.

Funding

This study was supported by the National Natural Science Foundation of
China (grant number: 82002633), Shenzhen Science and Technology Innova-
tion Commission (Grant number: JCYJ20190809110811277) and Science
Research Foundation of Education Department of Liaoning Province (Grant
number: LIKZ0853).

Availability of data and materials
The datasets used and/or analyzed during the current study are available from
the corresponding author upon reasonable request.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare no competing interests.

Author details

'Department of Epidemiology and Health Statistics, School of Public Health,
Dalian Medical University, Dalian, China. ’Department of Scientific Research,
First Affiliated Hospital of Dalian Medical University, Dalian, China. *Depart-
ment of General Surgery, Institute of Precision Diagnosis and Treatment

of Gastrointestinal Tumors, Shenzhen University General Hospital, Shenzhen
University, Shenzhen, China. “Affiliated Shenzhen Maternity and Child Health-
care Hospital, Southern Medical University, Shenzhen, China. °Department

of Obstetrics, Shenzhen University General Hospital, Shenzhen University,
Shenzhen, China.

Received: 6 July 2023 Accepted: 21 November 2023
Published online: 02 December 2023

References

1. Miller KD, Nogueira L, Devasia T, Mariotto AB, Yabroff KR, Jemal A, Kramer
J, Siegel RL. Cancer treatment and survivorship statistics, 2022. Cancer J
Clin. 2022;72(5):409-36.

2. XiaC Dong X, LiH, Cao M, Sun D, He S,Yang F, Yan X, Zhang S, Li N, et al.
Cancer statistics in China and United States, 2022: profiles, trends, and
determinants. Chin Med J. 2022;135(5):584-90.

3. Cronin KA, Scott S, Firth AU, Sung H, Henley SJ, Sherman RL, Siegel
RL, Anderson RN, Kohler BA, Benard VB, et al. Annual report to the

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

Page 20 of 21

nation on the status of cancer, part 1: National cancer statistics. Cancer.
2022;128(24):4251-84.

ZhaoY, Zhan J, Wang Y, Wang D. The Relationship between Plant-based
Diet and Risk of Digestive System cancers: a Meta-analysis based on
3,059,009 subjects. Front Public Health. 2022;10: 892153.

Onoyama T, Ishikawa S, Isomoto H. Gastric cancer and genomics: review
of literature. J Gastroenterol. 2022;57(8):505-16.

Johnston FM, Beckman M. Updates on management of gastric Cancer.
Curr Oncol Rep. 2019;21(8):67.

Schoeler M, Caesar R. Dietary lipids, gut microbiota and lipid metabolism.
Rev Endocr Metab Disord. 2019;20(4):461-72.

Lim SA, SuW, Chapman NM, Chi H. Lipid metabolism in T cell signaling
and function. Nat Chem Biol. 2022;18(5):470-81.

Zechner R, Zimmermann R, Eichmann TO, Kohlwein SD, Haemmerle G,
Lass A, Madeo F. FAT SIGNALS-lipases and lipolysis in lipid metabolism
and signaling. Cell Metabol. 2012;15(3):279-91.

Jeon S, Carr R. Alcohol effects on hepatic lipid metabolism. J Lipid Res.
2020,61(4):470-9.

. Bacci M, Lorito N, Smiriglia A, Morandi A. Fat and Furious: lipid metabo-

lism in Antitumoral Therapy Response and Resistance. Trends in cancer.
2021;7(3):198-213.

Walther TC, Farese RV Jr. Lipid droplets and cellular lipid metabolism.
Annu Rev Biochem. 2012;81:687-714.

YiM, Li J,Chen'S, Cai J,BanY, Peng Q, Zhou Y, Zeng Z, Peng S, Li X, et al.
Emerging role of lipid metabolism alterations in Cancer stem cells. J Exp
Clin Cancer Res. 2018:37(1):118.

Currie E, Schulze A, Zechner R, Walther TC, Farese RV Jr. Cellular fatty acid
metabolism and cancer. Cell Metabol. 2013;18(2):153-61.

Huang J, Wang J, He H, Huang Z, Wu S, Chen C, Liu W, Xie L, Tao Y, Cong L,
et al. Close interactions between IncRNAs, lipid metabolism and ferropto-
sis in cancer. Int J Biol Sci. 2021;17(15):4493-513.

CaiF, Jin S, Chen G.The Effect of Lipid Metabolism on CD4(+) T Cells.
Mediators Inflamm. 2021;2021: 6634532.

Yan J, Horng T. Lipid metabolism in regulation of macrophage functions.
Trends Cell Biol. 2020;30(12):979-89.

Li D, Li Y. The interaction between ferroptosis and lipid metabolism in
cancer. Signal Transduct Target Therapy. 2020;5(1):108.

Hu B, Lin JZ, Yang XB, Sang XT. Aberrant lipid metabolism in hepatocel-
lular carcinoma cells as well as immune microenvironment: a review. Cell
Prolif. 2020;53(3): €12772.

Remmerie A, Scott CL. Macrophages and lipid metabolism. Cell Immunol.
2018;330:27-42.

Cui MY, Yi X, Zhu DX, Wu J. The role of lipid metabolism in gastric Cancer.
Front Oncol. 2022;12:916661.

Xiong Z, LinY,YuY, Zhou X, Fan J, Rog CJ, Cai K, Wang Z, Chang Z, Wang
G, et al. Exploration of lipid metabolism in gastric Cancer: a novel prog-
nostic genes expression Profile. Front Oncol. 2021;11: 712746.

Li C, Zhang L, Qiu Z, Deng W, Wang W. Key molecules of fatty acid
metabolism in gastric Cancer. Biomolecules. 2022;12(5):706.

Huang S, GuoY, Li Z, Zhang Y, Zhou T, You W, Pan K, Li W. A systematic
review of metabolomic profiling of gastric cancer and Esophageal cancer.
Cancer Biol Med. 2020;17(1):181-98.

Guo C, Zhang L, Zhao M, AiY, Liao W, Wan L, Liu Q, Li S, Zeng J, Ma X, et al.
Targeting lipid metabolism with natural products: a novel strategy for
gastrointestinal cancer therapy. Phytother Res. 2023;37(5):2036-50.
Papalexi E, Satija R. Single-cell RNA sequencing to explore immune cell
heterogeneity. Nat Rev Immunol. 2018;18(1):35-45.

Luecken MD, Theis FJ. Current best practices in single-cell RNA-seq analy-
sis: a tutorial. Mol Syst Biol. 2019;15(6): e8746.

Lei Y, Tang R, Xu J, Wang W, Zhang B, Liu J, Yu X, Shi S. Applications of
single-cell sequencing in cancer research: progress and perspectives. J
Hematol Oncol. 2021;14(1):91.

Li X, Wang CY. From bulk, single-cell to spatial RNA sequencing. Int J Oral
Sci. 2021;13(1):36.

Griin D, van Oudenaarden A. Design and analysis of single-cell sequenc-
ing experiments. Cell. 2015;163(4):799-810.

Suva ML, Tirosh I. Single-cell RNA sequencing in Cancer: lessons learned
and Emerging challenges. Mol Cell. 2019;75(1):7-12.

Yu G, Wang LG, Han'Y, He QY. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. 2012;16(5):284~7.



Zhang et al. Lipids in Health and Disease

33.
34.
35.
36.

37.

38.
39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

(2023) 22:212

Hénzelmann S, Castelo R, Guinney J. GSVA: gene set variation analysis for
microarray and RNA-seq data. BMC Bioinformatics. 2013;14: 7.

Smyth EC, Nilsson M, Grabsch HI, van Grieken NC, Lordick F. Gastric can-
cer. Lancet (London England). 2020;396(10251):635-48.

Chia NY, Tan P. Molecular classification of gastric cancer. Ann Oncol.
2016;27(5):763-9.

Guggenheim DE, Shah MA. Gastric cancer epidemiology and risk factors.
J Surg Oncol. 2013;107(3):230-6.

Puliga E, Corso S, Pietrantonio F, Giordano S. Microsatellite instability in
gastric Cancer: between lights and shadows. Cancer Treat Rev. 2021;95:
102175,

Crew KD, Neugut Al. Epidemiology of gastric cancer. World J Gastroen-
terol. 2006;12(3):354-62.

Guo D, Bell EH, Mischel P, Chakravarti A. Targeting SREBP-1-driven lipid
metabolism to treat cancer. Curr Pharm Design. 2014;20(15):2619-26.

Yin X, Xu R, Song J, Ruze R, Chen Y, Wang C, Xu Q. Lipid metabolism in
Pancreatic cancer: emerging roles and potential targets. Cancer Commun
(London England). 2022;42(12):1234-56.

Butler LM, Perone Y, Dehairs J, Lupien LE, de Laat V, Talebi A, Loda M,
Kinlaw WB, Swinnen JV. Lipids and cancer: emerging roles in patho-
genesis, diagnosis and therapeutic intervention. Adv Drug Deliv Rev.
2020;159:245-93.

Cai X, Liang C, Zhang M, Xu Y, Weng Y, Li X, Yu W. N6-methyladenosine
modification and metabolic reprogramming of digestive system malig-
nancies. Cancer Lett. 2022;544: 215815.

LiuY, Zhang Z, Wang J, Chen C, Tang X, Zhu J, Liu J. Metabolic reprogram-
ming results in abnormal glycolysis in gastric cancer: a review. Onco
Targets Ther. 2019;12:1195-204.

Wei XL, Luo TQ, Li JN, Xue ZC, Wang Y, Zhang Y, Chen YB, Peng C. Develop-
ment and validation of a Prognostic Classifier based on lipid metabolism-
related genes in gastric Cancer. Front Mol Biosci. 2021;8: 691143.

Chang C, Worley BL, Phaéton R, Hempel N. Extracellular glutathione
peroxidase GPx3 and its role in Cancer. Cancers. 2020;12(8):2197.

Pelosof L, Yerram S, Armstrong T, Chu N, Danilova L, Yanagisawa B,
Hidalgo M, Azad N, Herman JG. GPX3 promoter methylation predicts
platinum sensitivity in Colorectal cancer. Epigenetics. 2017;12(7):540-50.
Zhou C, Pan R, Li B, Huang T, Zhao J, Ying J, Duan S. GPX3 hypermethyla-
tion in gastric cancer and its prognostic value in patients aged over 60.
Future Oncol (London England). 2019;15(11):1279-89.

Gao Y, Martin NI, van Haren MJ. Nicotinamide N-methyl transferase
(NNMT): an emerging therapeutic target. Drug Discovery Today.
2021,;26(11):2699-706.

Wu G LiuY, LiuW, ZouT, Lu S, Zhu C, He L, Chen J, Fang L, Zou L, et al.
NNMT-DNMT1 Axis is essential for maintaining Cancer Cell sensitivity to
oxidative phosphorylation inhibition. Advanced science (Weinheim. Baden-
Wurttemberg Germany). 2022;10(1):e2202642.

Ding Q Ma, Lai S, Dou X, Li S. NNMT aggravates hepatic steato-

sis, but alleviates liver injury in alcoholic Liver Disease. J Hepatol.
2021,74(5):1248-50.

Layer M, Senk J, Essink S, van Meegen A, Bos H, Helias M. NNMT: Mean-
Field Based Analysis Tools for Neuronal Network Models. Front Neuroin-
formatics. 2022;16: 835657.

Liang L, Zeng M, Pan H, Liu H, He Y. Nicotinamide N-methyltransferase
promotes epithelial-mesenchymal transition in gastric cancer cells

by activating transforming growth factor-31 expression. Oncol Lett.
2018;15(4):4592-8.

Arneth B. Tumor Microenvironment. Med (Kaunas Lithuania).
2019;56(1):15.

Xiao Y, Yu D. Tumor microenvironment as a therapeutic target in cancer.
Pharmacol Ther. 2021,221: 107753.

Hinshaw DC, Shevde LA. The Tumor Microenvironment innately modu-
lates Cancer Progression. Cancer Res. 2019;79(18):4557-66.

Meurette O, Mehlen P. Notch Signaling in the Tumor Microenvironment.
Cancer Cell. 2018;34(4):536-48.

Jarosz-Biej M, Smolarczyk R, Cichon T, Kutach N. Tumor Microenvi-
ronment as a game changer in Cancer Radiotherapy. Int J Mol Sci.
2019;20(13):3212.

Pitt JM, Marabelle A, Eggermont A, Soria JC, Kroemer G, Zitvogel L. Target-
ing the Tumor microenvironment: removing obstruction to anticancer
immune responses and immunotherapy. Ann Oncol. 2016,27(8):1482-92.

Page 21 of 21

59. PanY,YuY,Wang X, Zhang T. Tumor-Associated macrophages in Tumor
Immunity. Front Immunol. 2020;11: 583084.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Discovery of a novel lipid metabolism-related gene signature to predict outcomes and the tumor immune microenvironment in gastric cancer by integrated analysis of single-cell and bulk RNA sequencing
	Abstract 
	Introduction
	Materials and methods
	Data collection
	Data processing of the scRNA-seq
	Differentially expressed LMRGs (DE-LMRGs) and enrichment analysis
	Creation and assessment of the LMRG signature
	Construction and validation of the nomogram model
	Analysis of gene set variation (GSVA)
	Evaluation of the relative distribution of immune cells infiltrating GC tissues
	Statistical analyses

	Results
	Identification of DE-LMRGs in GC specimens and functional enrichment analysis
	Identification of survival-related DE-LMRGs in GC patients
	Cell trajectory analysis identified three GC subsets
	Construction and assessment of a prognostic model based on LMRGs
	Construction of a nomogram to forecast survival
	Immune-associated cell and process distribution in the groups with high and low risks
	The expression of GPX3 and NNMT in GC patients, as well as its relationship with clinical variables

	Discussion
	Study strengths and limitations

	Conclusion
	References


