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Abstract

Background The metabolism of stearoyl-GPE plays a key role in the liver metastasis of gastric cancer. This investigation
delves into the mechanisms underlying the intricate tumor microenvironment (TME) heterogeneity triggered by stearoyl
metabolism in gastric cancer with liver metastasis (LMGC), offering novel perspectives for LMGC.

Objective Utilizing Mendelian randomization, we determined that stearoyl metabolism significantly contributes to the
progression of gastric cancer (GC). Following this, bulk transcriptome analyses and single-cell multiomics techniques to
investigate the roles of stearoyl-GPE metabolism-related genes, particularly NCOA4, in regulating LMGC TME.

Results Our analysis highlights the crucial role of stearoyl metabolism in modulating the complex microenvironment
of LMGC, particularly impacting monocyte cells. Through single-cell sequencing and spatial transcriptomics, we have
identified key metabolic genes specific to stearoyl metabolism within the monocyte cell population, including NCOA4.
Regarding the relationship between ferroptosis, stearoyl metabolism, and LMGC findings, it is plausible that stearoyl
metabolism and LMGC pathways intersect with mechanisms involved in ferroptosis. Ferroptosis, characterized by iron-
dependent lipid peroxidation, represents a regulated form of cell death. The activity of Stearoyl-CoA desaturase (SCD), a
critical enzyme in stearoyl metabolism, has been associated with the modulation of lipid composition and susceptibility
to ferroptosis. Furthermore, the LMGC is integral to cellular processes related to oxidative stress and lipid metabolism,
both of which are significant factors in the context of ferroptosis.

Conclusion This study enhances the understanding of the relationship between stearoyl metabolism and ferroptosis in
promoting liver metastasis of gastric cancer and its role in the regulation of tumor heterogeneity. In addition, this study
contributes to a deeper understanding of the dynamics of gastric cancer tumor microenvironment (TME) and provides
a basis for the development of better interventions to combat cancer metastasis.
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1 Introduction

Liver metastasis from gastric cancer is an indication of a further progressive condition of the disease that becomes com-
mon each year [1-4]. This negative trend is especially concerning for cases of locally metastatic gastric cancer (LMGC)
due to its significant impact on mortality rates. Although surgical resection is the only potentially curative option, its
effectiveness is strongly dependent on early tumor detection. Unfortunately, in LMGC, approximately 80% of diagnoses
are made at an advanced metastatic stage, resulting in a grim 5-year survival rate of less than 5% [5, 6]. The TME exhibits
significant metabolic and immune heterogeneity, which facilitates tumor evasion and resistance to standard treatments.
In response to these challenges, immunotherapy has gained attention as an innovative cancer treatment approach. It
aims to boost the body’s natural anti-tumor immune responses while minimizing the side effects commonly associated
with chemotherapy and radiotherapy [7-9].

Single-cell multi-omics technologies surpass traditional methodologies in sensitivity and resolution, emerging as
pivotal tools in the elucidation of the cancer TME, as well as in pharmacology, molecular diagnostics, and prognosis
[10-12]. In recent decades, the rapid evolution of omics technologies has profoundly enriched our understanding of
cellular composition and the intricate functions of genes, proteins, and metabolites [13-15]. While thousands of gene
sequences have been sequenced to date, earlier research often concentrated on the aggregate functions of cell popula-
tions, thereby neglecting the critical insights provided by cellular subpopulations. The inherent heterogeneity within
cells and genetic profiles was challenging to discern with conventional techniques [16-18]. However, single-cell multi-
omics technologies have successfully bridged this gap [19, 20]. By employing these sophisticated techniques, we have
unveiled the complex and nuanced immune microenvironment of LMGC.

Moreover, contemporary research from the American Cancer Center has unveiled a significant escalation in lipid
biosynthesis, accumulation, and metabolic activity across a diverse array of cancer types. This intricate reprogramming
of lipid metabolism now stands recognized as a critical contributor to the dysregulation of the TME [21]. The metabolic
shift notably includes variations in the metabolism of stearoyl. Recent studies have firmly established a profound linkage
between lipid metabolism dynamics and the aggressive phenotypes of cancer cells, encompassing their rapid prolifera-
tion, survival, migration, invasion, and metastatic capabilities. Comprehensive analyses reveal that patients with gastric
cancer exhibit markedly elevated lipid levels in both plasma and tissue samples compared to healthy controls. Further-
more, genetic mutations or aberrant expression of lipid metabolism-related genes have been conclusively associated
with the pathogenesis of LMGC [22].

NcoA4 (Nuclear receptor coactivator 4), a pivotal protein of ferroptosis, operates as a transporter protein. Originally
identified within the RetFused Gene in a subset of papillary thyroid carcinomas [23], NcoA4 has emerged as a focal
point in recent oncological research. Our investigations have elucidated that the downstream target genes of Stearoyl
metabolites exhibit a profound association with ferroptosis. This underscores the significance of ferroptosis as a crucial
mechanism for impeding liver metastasis in gastric cancer. Recent studies indicate that the absence of NCOA4 disrupts
cellular ferroptosis pathways by depleting intracellular free iron, glutathione, and reactive oxygen species (ROS). This
perturbation is intricately linked to the initiation and progression of various malignancies, including prostate, ovarian,
and breast cancers. Moreover, the enhancement of ferroptosis has been demonstrated to amplify the anti-tumor efficacy
of immunotherapy, revealing a synergistic interplay between ferroptosis and immunotherapeutic strategies in the eradi-
cation of cancer cells [24]. NCOA4's involvement in tumor proliferation and metastasis positions it as a critical element in
the oncogenic paradigm, underscoring its importance in the mechanisms driving cancer progression and development
[25-27]. Despite the heightened focus on ferroptosis research, the role of stearoyl metabolism in the context of gastric
cancer (GC) remains inadequately explored, warranting further in-depth investigation.

Recent advances in technology have significantly propelled our ability to explore stearoyl metabolism in LMGC, such
as multi-omics single-cell sequencing [28-30]. However, their effects on the complex mechanisms of tumorigenesis are
not clear. In our investigation, we aim to elucidate genomic patterns associated with genes linked to monocyte cells
and stearoyl metabolism within LMGC. Despite the capabilities of advanced tools like single-cell sequencing, achieving
a spatially integrated understanding of this disease has been challenging. Our research, therefore, integrates single-cell
and spatial transcriptomics to gain an in-depth insight into the interactions of monocyte cells within the TME of LMGC

@ Discover



Discover Oncology (2025) 16:46 | https://doi.org/10.1007/512672-025-01769-z
Research

[31-33]. Moreover, we also integrate BULK transcriptome technology to construct a prognostic model, which provides
a solid foundation for LMGC treatment.

2 Methods and materials
2.1 Analysis of GEO and TCGA database progression

In our study, we leveraged data from the GCTCGA-STAD and TCGA-LIHC datasets, complemented by clinical data sourced
from the TCGA databases accessible at https://portal.gdc.cancer.gov [34]. The TCGA-STAD and TCGA-LIHC datasets were
meticulously analyzed to elucidate the expression patterns of key genes. In addition our research further encompassed a
cohort of patients diagnosed with gastric cancer (GC) alongside healthy control subjects from the GEO databases (www.
ncbi.nlm.nih.gov/geo). Specifically, the datasets included GSE79973, GSE62254, GSE54129, GSE34942, and GSE5118986
for GC, and GSE76427, GSE45267, GSE148851, and GSE112790 for hepatocellular carcinoma (HCC). This comprehensive
approach enabled a robust comparative analysis and enhanced our understanding of the gene expression landscapes
in both cancerous and healthy tissues.

2.2 Standardization of GEO data

(1) Data Acquisition: Obtain the required gene expression data or other bioinformatics data from the GEO database. (2)
Data Quality Control: Assess the quality of the raw data, including checking for missing values, outliers, and data distribu-
tions. (3) Data Preprocessing: Preprocess the raw data, including background correction, normalization, and transforma-
tion, to ensure comparability across different samples. (4) Data Normalization: Normalize the data using appropriate
normalization methods (such as Z-score normalization, quantile normalization, etc.) to remove technical variations and
ensure comparability of data across different samples. (5) Data Integration: Integrate different datasets into a unified
data matrix for further analysis. (6)) Statistical Analysis: Perform bioinformatics analyses such as differential expression
analysis, clustering analysis, survival analysis, etc., using the standardized data to reveal biological insights within the data.

2.3 scRNA-Seq data processing

We have procured the GSE163558 dataset from the GEO database (https://www.ncbi.nIm.nih.gov/), which includes sam-
ples from three primary cases of gastric cancer (GSM5004180, GSM5004181, GSM5004182), one adjacent non-tumoral
sample (GSM5004183), and two gastric cancer liver metastasis samples (GSM5004188, GSM5004189). For single-cell
RNA sequencing (scRNA-seq) analysis, we employed six samples following the 10 x Genomics scRNA-seq protocol for
subsequent analysis.

Utilizing the “Seurat 4.0" R package, we constructed a Seurat object to integrate all sample data. Each sample under-
went rigorous quality control, applying screening conditions of a minimum of 200 genes, a maximum of 4000 genes,
and a mitochondrial gene percentage (pctMT) below 10%. Post-quality control, normalization was performed using the
“LogNormalize” method. Principal Component Analysis (PCA) was conducted on the top 1000 genes to reduce dimen-
sionality, followed by Uniform Manifold Approximation and Projection (UMAP) to visualize the spatial arrangement
of cells. This approach allowed for describing various intricacies of the cellular organization of gastric cancer and its
metastasis at length.

2.4 Spatial transcriptomic data processing

We retrieved the gastric cancer (GC) spatial transcriptomic data (GSM7990475) from the GEO database (https://www.
ncbi.nlm.nih.gov/). For the spatial transcriptomic sequencing (stRNA-seq) analysis, the GSM7990475 dataset utilized the
10X Genomics Spatial Transcriptomics platform. To maintain the accuracy of data collected, genes expressed in ten or
fewer spots were eliminated from the study.

After this preprocessing step, stringency and accuracy was enhanced through the application of the dimensional-
ity reduction techniques and clustering algorithms in order to determine the most dominant cell types contained in
the GC spatial transcriptomic data. This approach made it easier to get a better grasp of the tumor microenvironment
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(TME) and the various cell types that are involved, which helped improve the knowledge of the spatial heterogeneity
of gastric cancer.

2.5 GWAS data sources

The summary level across immune phenotypes of genomic variants from the genome-wide association studies (GWAS)
were easily retrievable from the GWAS Catalog using accession numbers beginning with GCST90002017. Consequently,
the analysis of metabolite traits was done with the data from the same Catalog with the accession codes starting with
GCST90199772. These datasets provide important information about genes and linkages to immune features and metab-
olites for further research to better understand the parts that such traits and profiles play within numerous biological
functions and pathologies. Further, upon the use of the data available in the GWAS Catalog (accession numbers starting
from GCST90274820), we proceeded to analyze the aforementioned inflammatory traits.

Finally, the analyzed study comprised of 731 immunophenotypes, 1400 metabolite traits and 91 inflammation traits.
More specifically, immune traits are described as the medium fluorescence intensity of monocytes, the inflammatory
traits are described LIFR, while the metabolite traits are stearoyl metabolism. Consequently, high-density arrays were
used to type around 22 million SNPs; this analysis employed a reference database developed using a population of Sar-
dinian origin. The listing of subsequent evaluations of associations incorporate consideration of relevant covariates to
minimize effects of confounding that improves the credibility of the results. This sort of approach helped in increasing
the reliability and robustness of the genetic associations that were established by the study.

2.6 Two-sample MR

The MR approach was used to determine the effect estimate of exposure by analyzing the instrumental variable (IV)
relationships among cancer-immune genes IV, immune genes-metabolites, and metabolites-inflammatory factors. Con-
sequently, we deployed two-sample MR to examine the causal circulating immune-metabolites-inflammation-disease
relationship that underlies the involvement of the exposure in driving certain outcomes.

2.7 Statistical analysis

Data processing and analysis of the data was done using R software version 3. 6. 1. and GraphPad Prism. For compari-
son between two groups, the student’s t-test was used while comparison of more than two groups was determined by
one-way ANOVA. A p-value below 0.05 was used used to test for significance differences between various groups being
compared out. These statistical procedures and tests are widely applied in biomedical research in order to evaluate the
relevance of tested effects and compare measurable values.

3 Result
3.1 Exploration of the causal effect of CCR2 positive monocyte in GC

In an effort to shed more light on the relationship between immune factors and gastric cancer (GC), our aim was to
determine the effects of immune cells in this specific type of cancer. Therefore, utilizing the FDR approach to adjust
multiple test corrections, it was concluded that none of the immune traits reached the significance level of 0.05. This
suggests that, indeed, none of the immune characteristics assessed could be seen to have been statically related to their
respective counterparts at the predefined alpha level of significance while accounting for multiple comparisons in the
study as a way of controlling for inflated statistical significance. This stringent approach reduces the likelihood of false
discoveries in such large-scale genetic association investigations.

However, in the study conducted at same level of significance (p < 0.05), CCR2 positive monocytes were found in GC.
These CCR2-positive monocytes exhibited differential expression within the immune cells associated with GC (as refer-
enced in bbj-a-119, Fig. 1d). Using the inverse-variance weighted (IVW) method, two-sample Mendelian Randomization
(MR) analysis revealed that CCR2-positive monocytes exhibit specific expression patterns during the development of GC
(B=-0.285895, P=0.0002419). Furthermore, at a p-value threshold of 0.05, we identified 70 metabolites, one of which
plays a role in regulating lipid metabolism, specifically stearoyl. Additionally, it was found that CCR2-positive monocytes
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Fig. 1 CCR2 positive monocyte were found to restrain stearoyl metabolism accelerated progression of GC. a Forest plot display then shows
key immune cell with the risk of GC; b The validity and robustness of Mendelian Randomization (MR) are assessed through ¢ the analysis
results of MR Heterogeneity Test, which evaluate the coherence of genetic associations across various single nucleotide polymorphisms
(SNPs). d The Volcano plot depicts the correlation between crucial immune cell factors and the susceptibility to gastric cancer (GC)
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Fig.2 Stearoyl metabolism level restrained inflammatory factor LIFR accelerated progression of GC. a Forest plot display shows key stearoyl »
metabolism with the risk of GC; b The effectiveness and strength of Mendelian Randomization (MR) are examined through c the analysis
outcomes of the MR Heterogeneity Test, which assess the uniformity of genetic connections across various SNPs. d The Volcano plot visually
represents the relationship between critical stearoyl metabolism and the susceptibility to gastric cancer (GC); e Forest plot display shows
inflammatory factor LIFR with the risk of GC

could inhibit the levels of stearoyl (3 =-0.087576, 95% Cl=1.0060 ~ 1.2043, P=0.03655622, Fig. 1a). To validate the robust-
ness of these causal associations, additional methods and sensitivity analyses, such as MR-Egger and the MR global test,
were employed (Fig. 1b, ¢). These comprehensive analyses provided deeper insights into the interplay between immune
factors, metabolite regulation, and the pathogenesis of gastric cancer.

3.2 Exploration of the causal effect of stearoyl metabolism level in GC

Our preliminary findings underscored the pivotal role of CCR2-positive monocytes in suppressing stearoyl metabolism
levels. Subsequent research revealed that the interplay between stearoyl metabolism levels and inflammatory factors
significantly influences the progression of GC. To delve deeper into the significance of stearoyl metabolism in GC, Men-
delian Randomization (MR) analysis elucidated that stearoyl metabolism levels are associated with the inhibition of LIFR
expression, as demonstrated via the inverse-variance weighted (IVW) method (f =—0.087576, 95% Cl=0.9037 ~0.9928,
P=0.02366184, Fig. 2a). The robustness of these causal relationships was further corroborated through additional vali-
dation techniques (Fig. 2b, ¢). We found that GPE metabolic levels exhibited differential expression in GC (Fig. 2d). When
inflammatory cytokines were introduced, the reverse MR method showed no alteration in metabolic levels (as depicted
in Fig. 2e). This indicates that the influence of metabolism on inflammation is unidirectional within the context of GC.

3.3 Identifying the cell types within the GC and LMGC TME

Given the high mortality rate associated with gastric cancer (GC) liver metastasis and the unclear mechanisms underlying
this process, our study aimed to elucidate the fundamental processes and functions governing liver metastasis. Utilizing
single-cell RNA sequencing (scRNA-seq) data from the GEO database (GSE163558), we identified distinct cell types pre-
sent in both primary GC tumors and their liver metastases, which contribute to a supportive tumor microenvironment
that facilitates metastasis.

Our study revealed five predominant cell types in GC, characterized by high expression markers identified through the
Marky annotation method. These cell types include T cells, monocytes, B cells, epithelial cells, and fibroblasts. Notably,
monocytes were significantly abundant in primary GC sites but exhibited a marked decrease in abundance within gas-
tric cancer liver metastases (Fig. 3a, ¢). Additionally, we observed that all cell types in GC liver metastasis samples were
highly abundant across all specimens, among them, fibroblasts and monocyte cells were more significantly enriched
(Fig. 3b, d). Furthermore, while monocytes constituted a considerable proportion of cells in primary GC, their percentage
decreased significantly in liver metastases, highlighting their critical role in the metastatic process (Fig. 3e). These find-
ings provide valuable insights into the cellular dynamics and mechanisms that facilitate GC liver metastasis, potentially
informing future therapeutic strategies.

3.4 Stearoyl metabolism aggravated the progression of cancer metastasis by NF-KB signaling pathways

To elucidate the regulatory role of stearoyl metabolism in monocytes within the contexts of GC and GC liver metastasis,
we isolated monocytes from both primary GC tumors and liver metastases. Our investigation revealed that the NF-kB
signaling pathway plays a pivotal transcriptional role in regulating stearoyl metabolism levels. Furthermore, lipid metabo-
lism emerged as a key factor in the progression of GC to liver metastases. Our findings indicate that stearoyl metabolism
facilitates the transformation of GC to liver metastasis in monocytes (Fig. 4a).

Additionally, our research identified the presence of the LIFR inflammatory factor in monocyte cells. One of the critical
findings was that increased stearoyl transcription, metabolism, and receptor activity were significantly correlated with
elevated expression of the LIFR inflammatory factor. We further discovered that variations in stearoyl levels distinctly
influenced the phenotype of CCR2-positive monocytes. Specifically, higher levels of stearoyl metabolism were linked
to an increase in CCR2-positive immune cells, whereas lower levels corresponded to a decrease in their presence. This
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Fig. 3 ScRNA-seq analysis of normal sample, GC sample and GC liver metastasis sample. a, b. Identification of TME cells type expression in
all sample, including T cells, Monocytes cells, B cells, Epithelial cells, and Fibroblasts cells in GSE163558. ¢ The expression of key annotation
marker in all sample. d The TME cells type scoring. e Differential ratios of TME cells type. On the left were the ratios for each sample, on the
right were the ratios for the Normal, GC and GC liver metastasis

highlights the role of stearoyl metabolism in modulating immune cell phenotypes and inflammatory responses during
the progression of gastric cancer (Fig. 4b).

To further investigate the impact of stearoyl metabolism on cellular functions, we examined its transcription, metabo-
lism, and receptor activity across different cell types. Our data reveal significant interactions between cells, notably the
interactions between recipient cells and B cells. Moreover, we found that the NF-kB signaling pathway is highly enriched
in receptor-high B cells (Fig. 4c, d) requlated by the transcription factor FOS (Fig. 4e). In conclusion, elevated stearoyl
metabolism is integral to cellular functions, closely associated with the regulation of the NF-kB signaling pathway, stearoyl
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transcription levels, and high lipid metabolism receptor levels. These findings underscore the importance of stearoyl
metabolism in the regulatory mechanisms underlying gastric cancer progression and metastasis.

3.5 Identification of monocyte stearoyl receptor key genes in algorithm model

Initially, we extracted monocyte cells from tumor samples, including those from primary gastric cancer (GC) and liver
metastases. Following this procedure, we identified differentially expressed genes (P<0.05, log2FC> 1) in these cells.
To ensure the reliability of our findings, we conducted a validation set analysis using GEO datasets GSE79973 and
GSE54129. Within these datasets, we constructed algorithmic models and observed that three models—XGBoost (AUC
0.87), NGBoost (AUC 0.85), and CatBoost (AUC 0.94)—exhibited robust performance (Fig. 5b).

Subsequently, our analysis identified NCOA4 as a significant protein regulating the progression of both GC and its
liver metastases, as highlighted by SHAP values, which reflect the average effect on model output magnitude (Fig. 5¢).
Additionally, we noted differential expression of all key genes within the GSE79973 and GSE54129 datasets (Fig. 5a). Our
integrated assessment of all proteins revealed that these key genes facilitated the transformation of GC to liver metas-
tasis (Fig. 5d). Moreover, the results from the MeanDecreaseGini method further corroborated our previous conclusions
(Fig. 5e). In summary, our comprehensive analysis underscores the critical requlatory role of NCOA4 and other key genes
in the progression of gastric cancer and its liver metastasis, validated through robust algorithmic models and differential
gene expression assessments.

3.6 Expression prospect of NCOA4, an intermediate hub gene for stearoyl metabolism and ferroptosis

To further substantiate the reliability of our findings, we employed single-cell RNA sequencing (scRNA-seq) data from
the GEO dataset GSE163558 to investigate the differential expression of key genes in both GC and GC liver metastasis
samples. Our analysis revealed that all identified differential genes were expressed across all samples. Notably, NCOA4
proteins exhibited high enrichment in GC monocyte cells but demonstrated lower enrichment in monocyte cells from
liver metastases (Fig. 6a). Moreover, the temporal expression patterns indicated that the migration of NCOA4 expression
was a critical factor driving the liver metastasis of GC, particularly evident during the transition from early to late stages
of the disease. Additionally, we observed significant variations in the expression of pivotal genes across different cell
types within the TME (Fig. 6b). In conclusion, our comprehensive analysis underscores the crucial role of NCOA4 as an
intermediate hub gene for stearoyl metabolism and ferroptosis in the progression of gastric cancer to liver metastasis,
validated through rigorous scRNA-seq data examination and temporal expression pattern assessments.

3.7 Identification of NCOA4 + mono cell types expressed in GC and HCC spatial transcriptomics

To further validate the expression of key genes, we employed spatial transcriptomics (10X Genomics) to investigate gene
expression within GC samples. Due to the lack of available GC liver metastasis samples, we utilized spatial transcriptom-
ics data from GC (GSM7990475) and hepatocellular carcinoma (HCC) (GSM6177612) for comprehensive analysis. This
approach led to the identification of 13 distinct cell clusters within the GC samples (Fig. 7a). Among these clusters, key
genes were highly expressed in clusters 5 and 6 (Fig. 7b).

Building upon the outcomes of our previous validations, we focused on the NCOA4 gene. Our analysis revealed the
presence of B cells, NCOA4-positive monocytes (NCOA4 + mono), NCOA4-negative monocytes (NCOA4- mono), epithe-
lial cells, and fibroblasts within the GC spatial transcriptomics data (Fig. 7¢, f). Notably, high key gene expression levels
were closely associated with fibroblast types (Fig. 7e). Further investigation showed that NCOA4-positive monocytes
(NCOA4 + mono) exhibited elevated NCOA4 expression levels in GC samples. Additionally, NCOA4 expression was also
observed in HCC regions (Fig. 8a). These NCOA4 + monocytes demonstrated significant associations with T cells and
epithelial cell types within the spatial transcriptomics data from both GC and HCC tissues (Figs. 7d and 8b).

Finally, metabolic analysis revealed a close relationship between alpha-linolenic acid metabolism and GC (Fig. 7).
These results suggest a strong interplay between NCOA4 + monocytes, epithelial cells, and B cells. The increased expres-
sion of NCOA4 in these cells may mediate inflammatory damage to epithelial and B cells through alpha-linolenic acid
metabolism pathways. In summary, our findings underscore the critical role of NCOA4 and its expression in various cell
types within the tumor microenvironment. These insights highlight potential mechanisms of inflammatory damage
mediated by alpha-linolenic acid metabolism in the progression of gastric cancer and hepatocellular carcinoma.
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Fig.4 Stearyl metabolism participated in the regulation of Lipid metabolism by NF-KB signaling pathways. a, c. The different expressions »
of receptor, transcription, and metabolism in TME cell type. b. Relationship between the Inflammatory factor LIFR, Stearyl metabolism level
and Lipid metabolism receptor. d. KEGG pathways enrichment show that key pathways were found in Lipid metabolism receptor. Positive
regulation is represented by the hue of crimson, whereas negative regulation is depicted by the hue of azure. e The expression of transcrip-
tion factors varies in lipid metabolism receptor regulation

3.8 NCOA4 immunotherapy and prognosis by bulk transcriptome analysis in GC

We investigated the association between NCOA4 and various immune cell populations in gastric carcinoma. Our findings
indicated that NCOA4 expression was correlated with altered immune cell levels, showing a positive association with
several immune cells, including plasma cells, regulatory T cells, CD8 +T cells, macrophages-M0, macrophages-M1, and
macrophages-M2 (Fig. 9a). Furthermore, we observed that elevated NCOA4 expression was linked to poorer prognosis
(Fig. 9b). Subsequent analysis of bulk transcriptome data revealed that NCOA4 plays a crucial role in promoting gas-
tric cancer (GC) progression, acting as a significant driver in the disease’s advancement (Fig. 9c). Notably, these results
were consistent with our previous observations. Additionally, we discovered that NCOA4 proteins were associated with
improved prognosis for GC based on immune checkpoint blockade (ICB) therapy outcomes (Fig. 9d). In summary, our
comprehensive analysis highlights the pivotal role of NCOA4 in modulating immune cell populations and its significant
impact on the prognosis and progression of gastric cancer. These insights underscore the potential of NCOA4 as a critical
biomarker and therapeutic target in GC, particularly in the context of ICB therapy.

3.9 Immunotherapy and prognosis in liver metastasis and primary liver cancer

In order to delve deeper into the correlation between NCOA4 proteins and different immune cells, additional studies
should focus on liver metastasis from primary sites, such as GC, as well as primary liver cancer. Our data revealed that
the expression of NCOA4 was leading to T cells function disorder (Fig. 10a). This is consistent with the results previously
described. The results showed that NCOA4 as an key factor promoted progression of liver cancer (Fig. 10b). Meanwhile, we
used primary liver cancer data (GSE76427, GSE45267, GSE112790 and TCGA-LIHC) and liver metastasis data (GSE148851)
analysis, this results also revealed that the NCOA4 proteins presents a better prognosis for GC based on ICB (Fig. 10c).

4 Discussion

Previous studies have identified cancer immune escape as a significant risk factor contributing to the high incidence
of cancer [35, 36]. Tumor-infiltrating immune cells, such as T cells [37], B cells [38, 39], and monocytes [40, 41], can com-
promise the body’s natural defense and surveillance mechanisms. Emerging research has illuminated that monocytes,
previously considered a uniform cell group, actually encompass a heterogeneous array of cells with diverse responses
to various stimuli. These cells contribute to anti-tumor immunity through multiple cellular mechanisms, including the
release of tumoricidal substances, regulation of B and T cell activities, recruitment of lymphocytes, and differentiation
into tumor-associated macrophages and dendritic cells [42]. In our research focusing on cancer immune escape, we
discovered that the dysregulation of CCR2-positive monocyte surveillance significantly promotes cancer progression,
particularly in late-stage liver metastasis. Furthermore, we observed a notable relationship between CCR2-positive mono-
cytes and metabolic processes, including stearoyl metabolism. It emerges from the study that CCR2-positive monocytes
suppress stearoyl metabolism and exacerbate cancer development. These results emphasize the possible applicability
of immunotherapy as a new and effective treatment strategy to use the body’s immune response to combat tumor
cells. Asimmunotherapy tends to focus on particular subsets of immune cells and the metabolic circuits in this regard,
it potentially defines new approaches to combating malignant growth.

Recent studies have indicated that stearoyl is important for modulating lipid metabolism, affecting cancer advance-
ment [43]. Imbalance of lipid metabolism synthesis has been identified as a potential oncogenic factor for different
types of cancer, such as lung cancer [44], liver cancer [45], and prostate cancer [46]. Previous works have exposed
the knowledge that lipid metabolism is a fundamental part of T cell signaling and inflammation, activity [47, 48]. We
have identified stearoyl as the key molecule that controls inflammation process, indicating that stearoyl promotes the
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Fig.5 Bulk transcriptomic analysis of monocyte stearoyl receptor key genes expressed in tumor tissue. a The differential expression of »
monocyte stearoyl receptor genes in the GC transcriptome were analyzed. In the heatmap and volcano plot, we found that the key genes
were found, Intense expression is depicted by the crimson hue, while subdued expression is denoted by the azure shade. b The machine
algorithm model was constructed in GSE79973 and GSE54129. AUC> 0.8 indicates high sensitivity and specificity. ¢, e The expression of
NCOAA4 in the differential genes. d key genes entirety assessment of the situation

expression of inflammatory factor LIFR, hence, slowing down the gastric cancer (GC) and its liver metastasis process.
On the other hand, decreased stearoyl expression leads to the downregulation of LIFR levels, thus, enhancing cell
cancer growth to progression. Furthermore, Mendelian randomization (MR) could support that stearoyl metabolism
has a negative association with inflammatory factors, which is consistent with our conclusions. What this implies is
that low stearoyl metabolism impairs energy and nutrient uptake which sets the stage for the growth and spread
of the cancers. Concisely, our study emphasizes the exceptional role of stearoyl in lipid profiles and inflammation
and their collective functions in cancer development, pointing towards the possibility of stearoyl as a promising
anti-cancer drug target.

In a study finding of this research, we have established that lipid metabolism especially involving the stearoyl recep-
tor can significantly contribute to cell regulatory mechanisms. In our present work, we examined NCOA4, which mainly
relates to the stearoyl receptor; we confirmed this gene as a high-risk factor for GC and LM and its effect on physiological
and pathological changes. It is worth mentioning that the intertumor heterogeneity of NCOA4 appears to be especially
manifested with the progression of advanced GC and liver metastasis. Stearoyl stands out as an influential factor affecting
inflammation, to which our research primarily attributes. Namely, the rise in stearoyl levels leads to the activation of LIFR,
the anti-inflammatory factor, which slows down the development of GC and its liver metastasis. Serving as the link of GC
and liver metastasis, NCOA4, a nuclear receptor coactivator, promotes the process of GC liver metastasis through lipid
metabolism related pathway. Nonetheless, owing to the variety of regulatory genes and the complexity of liver metastasis,
the exact function of NCOA4 gene on the regulation is still elucidated. Thus, our research indicates that NCOA4 affects
the T-cell activity through the NF-kB signaling pathways leading to exacerbation of the disease. The results offer a new
avenue for understanding the development and formation of liver metastasis in GC, and identify NCOA4 as a potential
therapeutic target for intervention.

Immune checkpoint blockade (ICB) immunotherapy has demonstrated significant success in enhancing the immune
response across various cancers [49, 50], including liver cancer [51, 52], lung cancer [53], and colorectal cancer [54, 55].
It is crucial to emphasize that immune evasion, often resulting from T cell depletion and dysfunction, plays a pivotal
role in cancer progression [56, 57]. Our recent observations further underscore the importance of T cell dysfunction as a
connecting factor between gastric cancer (GC) and GC liver metastasis, suggesting a strong association between T cell
depletion, dysfunction, and the metastatic process.

In our analysis of NCOA4 in the context of ICB, we stratified GC from GC liver metastasis based on survival rates. The
results indicated a favorable prognosis, suggesting the therapeutic potential of NCOA4 in this setting. These findings
open new possibilities for the treatment of liver metastasis in gastric cancer and present opportunities to enhance the
efficacy of ICB immunotherapy in combating this malignancy.

Expanding the discussion on NCOA4 in relation to ICB to explore potential combination therapies and resistance
mechanisms could offer valuable insights. A detailed examination of how NCOA4 and stearoyl metabolism influence
immune cell exhaustion and response to ICB could enrich the narrative on immunotherapy. Understanding the specific
pathways through which NCOA4 and stearoyl metabolism impact immune cell function, such as T cell exhaustion and
regulatory T cell activity, is essential for comprehensively grasping their roles in modulating the immune response in
the tumor microenvironment.

Furthermore, exploring potential combination therapies targeting NCOA4 or stearoyl metabolism alongside ICB may
reveal novel strategies to overcome resistance and enhance treatment effectiveness. By integrating these aspects into
our discussion, we can delve deeper into the intricate interactions among stearoyl metabolism, NCOA4, and immune cell
exhaustion within the context of ICB, offering valuable insights for advancing cancer immunotherapy research.

Our study provides significant insights into the transition from GC to its liver metastasis, with a focus on the critical role
of monocyte immune dysfunction in regulating stearoyl metabolite levels. Notably, the involvement of lipid metabolism
through the stearoyl metabolite receptor indicates a contribution to disturbances within the tumor microenvironment
and inflammation via the NF-kB signaling pathway. Additionally, our findings highlight the upregulation of the key
protein NCOA4, associated with the stearoyl metabolite receptor, in both GC and its liver metastasis, thereby exerting a
significant influence on disease progression.
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Fig.6 ScRNA-seq verifies monocyte stearoyl receptor key genes expressed in tumor. a, b. The expression of stearoyl receptor key genes
expressed in GC, liver metastasis and normal tissue
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Fig.7 GC spatial transcriptomics verify monocyte stearoyl receptor key genes expressed. a. Identification of different cell clusters in GC spa-
tial transcriptomics. b. The monocyte stearoyl receptor key genes were expressed in cell cluster. Red signifies high expression, while blue
indicates low expression. ¢, f. The major cell types were identification, including B cells, NCOA4 + mono and NCOA4-mono, Epithelial, Fibro-
blasts and so on. d, e. The monocyte stearoyl receptor key genes expressed in GC spatial transcriptomics. g. Spatial transcriptomics meta-
bolic shown involved in GC cell metabolic state in all cluster. Elevated expression is represented by the color red, while subdued expression
is depicted by the color blue
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Looking ahead, there is considerable potential in enhancing treatment efficacy by targeting monocyte immune pathways
to hinder the progression from GC to liver metastasis. This study not only advances our understanding of the dynamics
involved in GC metastasis but also sets the stage for the development of more effective therapeutic approaches.
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Fig.9 ICB immunotherapy
restrained the progress of

GC a Immune infiltration of
monocyte stearoyl receptor
key genes in GC. b The expres-
sion of monocyte stearoyl
receptor key genes in GC. c.
bulk transcriptome analysis of
the expression of monocyte
stearoyl receptor key genes
and prognosis by TCGA-STAD,
GSE54129 and GSE26253 in
GC. Red represents the injure
factor, blue represents the
protection factor. d. Evalua-
tion of the prognosis of ICB
immunotherapy by TCGA-
STAD, GSE79973, GSE62254,
GSE54129, GSE34942 and
GSE5118986 in GC. Red indi-
cates a better ICB response,
blue indicates poor response
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Fig. 10 ICB immunotherapy restrain the progress of liver metastasis and primary liver cancer. a Immune infiltration of monocyte stearoyl
receptor key genes in liver cancer. b bulk transcriptome analysis the expression of monocyte stearoyl receptor key genes and prognosis by
TCGA-LIHC in liver cancer. Red represents the injure factor, blue represents the protection factor. c. Evaluation of the prognosis of ICB immu-
notherapy by TCGA-LIHC, GSE76427, GSE45267, GSE148851 and GSE112790 in liver metastasis and primary liver cancer. Red indicates a bet-
ter ICB response, blue indicates poor response. Of these, GSE148851 was liver metastases sample, the TCGA-LIHC, GSE76427, GSE45267 and
GSE112790 were primary liver cancer samples
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5 Conclusion

This study enhances our understanding of the relationship between stearoyl metabolism and ferroptosis in promoting
liver metastasis of gastric cancer (LMGC) and their role in regulating tumor heterogeneity. These findings contribute to
the advancement of clinical therapeutic strategies based on metabolic pathways, specifically the link between stearoyl
metabolism and the essential ferroptosis gene NCOAA4. In addition, the study provides deeper insights into the dynamics
of the tumor microenvironment (TME) in gastric cancer, laying the groundwork for the development of more effective
interventions to combat cancer metastasis.
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