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Background: Gastric cancer (GC) remains a leading cause of cancer-related mortality due to its late 
diagnosis and poor prognosis. Butyrate metabolism (BM) has demonstrated significant roles in tumor 
biology, but its prognostic implications in GC remain unexplored. We aimed to investigate the effect of 
butyrate metabolic biomarkers on the prognosis of GC.
Methods: We acquired datasets from The Cancer Genome Atlas and Gene Expression Omnibus. 
Differential BM-related genes (BMGs) were identified using weighted gene co-expression network analysis 
(WGCNA). Patients were stratified into subtypes, and a prognostic model was constructed using least 
absolute shrinkage and selection operator (LASSO) regression. Mendelian randomization (MR) analysis 
was conducted using genetic variants as instrumental variables to establish causal links between BM and GC 
prognosis.
Results: Our model demonstrated robust prognostic accuracy with an area under the receiver operating 
characteristic (ROC) curve of 0.716. Transcriptomic analysis identified two key BMGs, SMC2 and HSPB1, 
with significant implications for GC survival. However, MR analysis provided no evidence of a causal 
association between BM and GC.
Conclusions: We identified two butyrate metabolic prognostic genes, namely, structural maintenance of 
chromosome 2 and heat shock protein beta-1, as the prognostic markers for GC. Furthermore, MR indicated 
no causal association between the butyrate metabolic pathway and GC.
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Introduction

Each year, gastric cancer (GC) affects more than 1 million 
people globally. It causes approximately 800,000 deaths, 
thereby being recognized as the fifth most prevalent cancer 
worldwide (1,2). The stomach is a sac-like organ; therefore, 
obstruction caused by the luminal growth of early tumors 
does not cause symptoms. Furthermore, the incidence 
of GC is high, the prognosis is poor, the metastasis is 
extensive, the effect of radiotherapy and chemotherapy is 
poor, and the metabolic and immune microenvironment 
disorders are easy to occur (3,4). The rapid development 
of medical technology has led to the advancement of 
comprehensive GC treatment; it includes surgical resection, 
chemotherapy, radiotherapy, targeted immunotherapy, 
and multi-disciplinary standardized and individualized 
treatment (5). However, the 5-year survival rate of GC is 
only approximately 20% (6). This low survival rate can be 
attributed to the low diagnosis rate of early GC and the 
chemical drug resistance of advanced GC. The prognosis 
of patients with GC is principally based on the tissue type 
and the differentiation degree of GC (7,8). Nonetheless, 
the prognosis of patients diagnosed with GC can vary 
substantially, resulting in inconsistent outcomes even among 
patients of similar age. Variations in the genetic traits and 
risk factors result in such discrepancies, leading to diverse 

disease progression and treatment responses. Moreover, the 
routine utilization of tumor markers serves as an adjunct 
method for GC diagnosis (9). Tumor markers are produced 
by cancer cells or by other cells in the body as a response 
to cancer. Typically, they are found in the blood or urine. 
They serve as indicators to assess the likelihood of primary 
or secondary tumors. However, not all patients with cancer 
present with elevated levels of tumor markers. Additionally, 
certain non-cancerous conditions can increase specific 
tumor marker levels that exceed the reference ranges (10,11). 
Therefore, determining accurate and novel prognostic 
markers of GC will facilitate describing the molecular 
characteristics of patients with GC and identifying new 
therapeutic targets (12).

In recent years, numerous prognostic biomarkers have 
been identified for GC, aiming to enhance the accuracy 
of prognosis and guide personalized treatment strategies. 
Notable biomarkers include human epidermal growth 
factor receptor 2 (HER2), programmed death-ligand 1 
(PD-L1), p53, and vascular endothelial growth factor 
(VEGF), which are involved in cellular proliferation, 
immune response modulation, and angiogenesis in GC (13). 
Circulating tumor markers such as carbohydrate antigen 
72-4 (CA72-4), carbohydrate antigen 19-9 (CA19-9), and  
carcinoembryonic antigen (CEA) have also been explored 
as potential prognostic factors, though their sensitivity 
and specificity are often limited (14). Prognosis prediction 
models, such as the American Joint Committee on Cancer 
(AJCC), tumor node metastasis (TNM) classification staging 
system and gene expression-based models, have been 
widely employed to predict patient outcomes. However, 
these models frequently fail to account for the complex 
molecular interactions within the tumor microenvironment 
and the genetic heterogeneity of GC, leading to variable 
prognostic outcomes. Despite the identification of these 
biomarkers and models, their clinical utility remains 
limited due to several factors. First, many of the proposed 
biomarkers lack validation in independent cohorts, which 
undermines their generalizability. Second, most models 
do not incorporate the tumor microenvironment’s impact 
on prognosis, particularly the role of immune cells and 
metabolic factors, which are critical for predicting patient 
responses to therapy. Lastly, many studies have been unable 
to establish causality between molecular markers and disease 
progression, relying instead on observational correlations 
that may be influenced by confounding factors.

To overcome these limitations, this study employs 
Mendelian randomization (MR) analysis, a method that 
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leverages genetic variants as instrumental variables to 
explore the causal relationships between exposures—such 
as butyrate metabolism (BM)—and disease outcomes like 
GC prognosis (15-17). Unlike traditional observational 
studies that are prone to confounding, MR provides a 
robust framework for establishing causality, thus addressing 
the controversy surrounding whether butyrate metabolism-
related genes (BMGs) are merely correlated with GC 
prognosis or play a direct causal role in its progression.

While the prognostic significance analysis of BMG 
focuses on identifying correlations between BMG 
expression and patient survival, it does not establish 
whether these genes directly influence disease progression. 
In contrast, MR analysis is used to determine whether there 
is a causal relationship between BM and GC prognosis, 
providing a more definitive answer to whether BMG can 
be considered a therapeutic target. The combination of 
these two approaches allows for a more comprehensive 
understanding of BMG’s role in GC, addressing both the 
association and the causality questions.

Butyrate is a short-chain fatty acid; it is a major 
metabolic product of the intestinal flora fermentation. It 
maintains the normal functioning of the intestinal epithelial 
cells and plays a mediating role in regulating host energy 
homeostasis by the intestinal flora. Butyric acid plays an 
anti-inflammatory role by regulating intestinal microbiota 
directly (18). This is because butyric acid increases short-
chain fatty acid-producing bacteria and reduces endotoxin-
secreting bacteria. Butyrate treatment can reduce high-
fat diet-induced pro-inflammatory markers in mice, such 
as tumor necrosis factor alpha and interleukin-1β (19). 
Changes in the intestinal microbiome may be related to the 
close interaction among chronic gastrointestinal diseases, 
intestinal microbiome, and GC. Researchers have detected 
numerous Klebsiella pneumoniae and Shigella enterobacteria 
in the gastric mucosa of patients with GC (20,21). BM is 
central to several tumors. Additionally, the combination 
of butyrate and G protein-coupled receptor GPR109A 
can inhibit colon tumors (22). Exploring butyric acid 
metabolism in GC will enhance our comprehension of the 
underlying molecular mechanisms and pave the way for 
innovative and improved treatment approaches.

In this study, we screened characteristic genes through 
weighted gene co-expression network analysis (WGCNA) 
and categorized patients with GC and characteristic 
genes to observe the differences in prognosis and 
immune efficacy among GC subtypes. Subsequently, 
we analyzed the differential genes among subtypes by 

univariate Cox regression and least absolute shrinkage 
and selection operator (LASSO) regression to construct 
a prognostic model based on the genes related to butyric 
acid metabolism. This step helped us predict and analyze 
the prognosis of patients with GC comprehensively. In 
addition, we adopted the MR approach to investigate the 
causal relationship between BMG and GC progression. We 
present this article in accordance with the TRIPOD and 
STROBE-MR reporting checklists (available at https://tcr.
amegroups.com/article/view/10.21037/tcr-24-677/rc).

Methods

Information processing and data sets collection

Initially, we extracted 349 genes associated with BM from 
the Molecular Signature Database (table available online at 
https://cdn.amegroups.cn/static/public/tcr-24-677-1.xlsx). 
Subsequently, the expression matrix and corresponding 
clinical data sets of GC samples were acquired from 
The Cancer Genome Atlas (TCGA) database (https://
www.cancer.gov/ccg/research/genome-sequencing/
tcga). Additionally, to supplement our analysis, the GC 
expression matrix and clinical data were acquired from the 
Gene Expression Omnibus (GEO) database (GSE84437, 
Platforms: GPL6947) (https://www.ncbi.nlm.nih.gov/). The 
TCGA included 443 patients with GC, and the clinical data 
included survival information, age, gender, tumor stage, etc. 
GSE84437 included 483 patients with GC, and the clinical 
data included survival information, age, sex, and tumor 
stage. BMG data (GWAS ID: met-d-bOHbutyrate) were 
downloaded from the Genome-Wide Association Studies 
(GWAS) database (https://gwas.mrcieu.ac.uk/), which 
consists of 12,321,875 single nucleotide polymorphisms 
(SNPs) from a sample of 113,595 Europeans. Furthermore, 
GC data sets (GWAS ID: bbj-a-119) were downloaded, 
which consisted of 8,885,324 SNPs from a sample of 
202,308 East Asians.

Identification of differential genes associated with BMG

First, the TCGA-stomach adenocarcinoma (STAD) data set 
was combined with GSE84437 through the “sva” package 
(v.1.50.0). Consequently, the “limma” package (v.3.58.1) 
was used to identify the combined data set for differential 
genes in GC tissues and the control group [|log fold change 
(FC)| ≥0.585, P<0.05]. Differential genes correlated with 
BMG were identified through the “Veen” package (v.1.12.0). 

https://tcr.amegroups.com/article/view/10.21037/tcr-24-677/rc
https://tcr.amegroups.com/article/view/10.21037/tcr-24-677/rc
https://cdn.amegroups.cn/static/public/tcr-24-677-1.xlsx
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.cancer.gov/ccg/research/genome-sequencing/tcga
https://www.ncbi.nlm.nih.gov/
https://gwas.mrcieu.ac.uk/
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Additionally, we generated the leading 50 differential genes 
through a heatmap and Volcano plot.

WGCNA

The “WGCNA” package (v.1.72-5) was performed on 
BMGs; soft-threshold power β was set to 5 (scale-free 
R2=0.9). Subsequently, the data were converted into a 
topological overlap matrix, and each module was set to 
consist of at least 10 genes. Finally, the modules were 
stratified, and similar modules were merged.

Prognostic identification and immune characteristics of 
BMG-related subtypes

We classified the patients with GC into different subtypes 
using the “ConsensusClusterPlus” package (v.1.66.0). The 
difference between the two subtypes was identified by a 
principal component analysis (PCA). Subsequently, the 
differences in clinical information and prognosis production 
between the subtypes were analyzed. We assessed the 
differences between the immune cells of different subtypes.

Differential analysis of the subtypes and prognostic types

The differential genes of different BMG subtypes were 
identified. A univariate Cox regression was used to 
determine the prognosis of the differential genes. We 
genotyped the prognosis-related differential genes and 
assessed their clinical differences and prognosis.

Constructing and validating the prognostic model

To explore the role of BMG in GC, we screened the 
differential prognostic genes by the LASSO (“glmnet” 
package v.4.1-8) regression algorithm. Additionally, the 
risk-scoring formula of BMG was calculated. To evaluate 
the accuracy of the model, the combined data sets of 
TCGA-GEO were assigned randomly, and the prognosis 
of each data sets was evaluated. We have randomly assigned 
the TCGA dataset at a ratio of 7:3 in order to verify the 
accuracy of the model.

Constructing a nomogram prognostic model

The “RMS” package (v.6.7-1) was used to construct a 
nomogram prognostic model after combining the age, sex, 
stage, and risk scores of the patients with GC. Additionally, 

we established calibration curves to evaluate the accuracy 
of the nomogram prognosis model for 1-, 3-, and 5-year 
predictions.

Immune infiltration analysis

First, we used the “CIBERSOER” (v.0.1.0) algorithm to 
calculate the 22 types of immune cell infiltration data of 
patients with GC. Furthermore, the correlation between 
the prognostic model genes and immune cells was 
determined. Subsequently, we evaluated the difference 
in tumor microenvironment among the subtypes of GC 
by calculating the immune microenvironment score of 
the patients. Finally, the microsatellite instability among 
different subtypes was evaluated.

Screening for SNP exposure and outcome

All SNPs were screened with the thresholds R2=0.001 and 
kb =10,000 to avoid linkage imbalances. Additionally, we 
set P<5×10−8 to screen the eligible SNPs that satisfied MR. 
The F statistic was calculated to estimate the sample overlap 
effects and weak tool bias, considering relatively loose 
thresholds where F <10 suggests bias.

Tissue sample acquisition

A total of 3 STAD tissues and matched normal tissues were 
collected from the Gastrointestinal Surgery Department 
of The Third Affiliated Hospital of Soochow University 
in April 2018 to October 2018. Patients received no 
neoadjuvant chemotherapy or radiotherapy. Consents 
was obtained from the study participants prior to study 
commencement. Clinicopathological characteristics of 
these patients were also collected. The collected tissues 
were frozen in liquid nitrogen until RNA extraction.The 
study was conducted in accordance with the Declaration 
of Helsinki (as revised in 2013). This research involving 
human participants was reviewed and approved by the 
Ethics Committee of The Third Affiliated Hospital of 
Soochow University. Written informed consent was 
obtained from all the patients before their participation in 
the study.

Quantitative real-time polymerase chain reaction  
(qRT-PCR)

Total RNA was extracted from the STAD tissues and 
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matched normal tissues using RNA extraction kit (Vazyme, 
Nanjing, China). Subsequently, the total RNA from 
each tissue was reverse-transcribed into cDNA using 
the PrimeScript RT reagent Kit (Takara, Dalian, China, 
DRR037A). Then the synthetic cDNA was used as a 
template for quantitative experiments, and Bio-Rad CFX96 
Real-time PCR assay system (Bio-Rad, Hercules, CA, USA) 
was used. The results were analyzed using the comparative 
Ct method, normalizing the Ct values of each gene to the 
corresponding actin beta (ACTB) Ct readings. All data were 
presented as the mean ± standard deviation (SD) of three 
independent experiments.

Immunofluorescence

Immunofluorescence was fulfilled with essential antibodies 
against SMC2, HSPB1. To begin with, paraffin-embedded 
GC tissues were deparaffinized and rehydrated. After antigen 
recovered tissues were recolored with essential antibodies 
overnight at 4 ℃, they were in this way recolored with 
fluorescein-labeled auxiliary antibodies at 37 ℃ for 1 h. After 
recoloring with 4’,6-diamidino-2-phenylindole (DAPI), the 
target proteins were visualized with filtering microscope.

MR analysis

This paper employed the “harmonize_data” function within 
the TwoSampleMR package to normalize effect estimates. 
The key MR techniques included MR-Egger13, Weighted 
median 14, and inverse variance weighted (IVW) utilizing 
both multiplicative random effects and fixed effects 15. 
Emphasis in the primary analysis was placed on the IVW 
method, which requires SNPs to fully comply with the 
three principles of MR research in order to obtain correct 
causal estimates. The MR-Egger regression intercept 
term was used to assess the possible presence of horizontal 
pleiotropy, where deviation from zero (P<0.05) indicates 
directional pleiotropy.

The primary analysis focused on the IVW method, 
which relies on SNPs that fully satisfy the principles of 
MR to generate accurate causal estimates. The MR-Egger 
regression intercept term was used to detect potential 
horizontal pleiotropy, with deviations from zero (P<0.05). 
The weighted median method assesses causality by 
aggregating the majority of SNPs. If the IVW method 
yields consistent results without additional heterogeneity, 
it can be considered positive, even if other methods do not 
yield significant results, showing that the directionality of 

β-values is consistent across methods and pleiotropy or 
heterogeneity is absent.

This paper visualized findings using scatter plots, 
forest plots, and funnel plots. In the scatter plot, the IVW 
method remained the primary focus, with a small intercept 
indicating minimal confounding and reliable results. A 
positive slope indicated a risk factor, while a negative slope 
indicated a protective factor. The forest plot assessed the 
diagnostic efficacy of each SNP locus in predicting exposure 
factors, focusing on the position of the IVW. Funnel plots 
evaluated randomness, with symmetric distribution along 
the IVW line indicating conformity to Mendel’s second law 
of random grouping.

Sensitivity analysis

The MR analysis was primarily performed by the IVW 
approach, which assumes the absence of average pleiotropic 
effect. Cochran’s Q statistic was first computed to evaluate 
the heterogeneity induced by different genetic variants 
in the fixed-effect IVW method, with a P value <0.05 
indicating the presence of heterogeneity. Subsequently, a 
test for horizontal pleiotropy was conducted to determine 
whether the IVW estimates were influenced by confounding 
factors. A P value greater than 0.05 suggested the absence 
of horizontal pleiotropic effects, indicating no confounding 
factors in the study. To evaluate the stability of results, a 
leave one-out (LOO) analysis was conducted to assess if the 
overall effect was driven by a single SNP.

Statistical analysis

The R 4.2.0 programming dialect was utilized for statistical 
analyses. We performed the Spearman’s rank test to 
determine between-group factually critical contrasts. The 
test displays information through cruel and SD. P<0.05 
indicated statistical significance. Additionally, we performed 
two-sample MR studies. In this study, the IVW, MR-Egger 
regression, weighted median, weighted model, and simple 
mode were used for a causal analysis.

Results

Screening of differential genes associated with BMG

The combined TCGA-STAD and GSE84437 intersected 
with the genes correlated with BMG. Finally, we acquired 
209 genes associated with BMG through differential 
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analysis of the butyrate genes. We visualized the heatmaps 
and volcanic plots of the leading 50 BMG genes (Figure 1).

WGCNA analysis

We performed a cluster analysis of the 209 BMG genes. 
We set the soft-threshold power at 5 (R2=0.9) to construct 
a scale-free network. After removing the outliers, we 
constructed a sample clustering tree (Figure 2A,2B). 
Subsequently, the adjacency matrix was converted into a 
topological overlap matrix. The blue model demonstrated 
the highest correlation with GC. Therefore, we selected  
56 genes in the blue module for further analysis (Figure 2C).

Gene mutations associated with BMG in GC

We identified somatic mutations in 56 genes related to 
BMG in patients with GC from the TCGA data sets 
(Figure 3). Of 433 samples, 130 genes were mutated, with a 
mutation rate of 30.02% and a mutation frequency ranging 
from 0% to 5%. The SORBS2 gene had the maximum 
mutations (5%).

Prognostic regulatory network of BMGs

Prognostic correlation networks were constructed for  
56 genes to detect correlations among the genes (Figure 4).  
Dual-specificity phosphatase 1 (DUSP1), heat shock 
protein beta-1 (HSPB1), mitogen-activated protein kinase 
4 (MAPK4), and structural maintenance of chromosomes 
2 (SMC2) accounted for a large proportion. SMC2 was 
identified as the favorable factor, whereas DUSP1, HSPB1, 
and MAPK4 were identified as the risk factors.

Identification of subtypes related to BMG in GC

We classified the patients with GC into subtypes A and 
B based on 56 genes (Figure 5A). PCA indicated that 
we classified the patients into two clusters (Figure 5B). 
Furthermore, differences between the immune cells of 
subtypes A and B were analyzed. Immune cells of subtype 
B displayed higher functional activity than cells of subtype 
A (Figure 5C). In addition, BMGs were predominantly 
expressed in subtype A (Figure 5D). The Kaplan-Meier 
survival curve indicated that the prognosis of subtype A was 
better than that of subtype B (Figure 5E), suggesting that the 
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genes associated with BMG may serve as protective factors 
for GC. We analyzed the pathway differences between 
the subtypes. Subtype A was primarily enriched in the 
basal transcription factor, oocyte meiosis, and proteasome. 
By contrast, subtype B was primarily enriched in dilated 
cardiomyopathy and hypertrophic cardiomyopathy (Figure 6).

Screening of prognostic genes in BMGs

We acquired 17 differential genes through a comparative 
difference analysis of subtypes A and B. Ten BMG-related 
prognostic genes were acquired through the univariate 
prognostic analysis of the 17 subtypes of differential genes 
(Figure 7A). Furthermore, we classified patients with GC 
and BMG prognostic genes and the subtypes A and B 
(Figure 7B,7C). The BMG prognostic genes were highly 
expressed in subtype A (Figure 7D). Additionally, subtype 

A demonstrated a better prognosis in the survival curve  
(Figure 7E), thereby indicating that BMGs may be a 
potential protective factor for GC.

Constructing a BMG prognostic model

Our findings indicated a robust correlation among the 
BMG subtypes, BMG prognostic subtypes, and survival 
prognosis (Figure 8A). Utilizing the LASSO algorithm, 
we developed a prognostic model for BMGs (Figure 8B). 
Table S1 describes the model formulation. We divided the 
TCGA-GEO data sets into training and validation sets 
to assess the model’s accuracy (Figure 8C-8E). This step 
facilitated the verification of the BMG prognostic model. 
We observed promising prognostic potential through the 
risk scores, survival status profiles, and prognostic gene 
heat maps associated with BMGs. Notably, both groups 

https://cdn.amegroups.cn/static/public/TCR-24-677-Supplementary.pdf
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Figure 5 Consensus clustering of the genes associated with butyrate metabolism. (A) Consensus clustering typing matrix. (B) PCA typing 
of two subtypes. (C) Differential typing of immune cells between two subtypes. (D) Complex heat map of BMG clinical features. (E) KM 
survival curves of two subtypes. **, P<0.01; ***, P<0.001. BMG, butyrate metabolism-related gene; MDSC, myeloid-derived suppressor cells; 
TCGA, The Cancer Genome Atlas; PCA, principal component analysis; KM, Kaplan-Meier. 

consistently demonstrated better prognosis in the low-risk 
group than that in the high-risk group, emphasizing the 
viability of BMGs as a strong prognostic factor for GC.

Nomogram construction and evaluation

We constructed a nomogram prognostic model using the 
clinical information (age, sex, and stage) of the patients to 
explore its clinical application (Figure 9A). The calibration 
curve suggests that the predicted and actual values for 
1, 3, and 5 years were close to agreement (Figure 9B). 
Additionally, we verified the accuracy of the model through 
the receiver operating characteristic (ROC) curve, whose 
area under the ROC value was 0.716 (Figure 9C).

Immune infiltration analysis

We acquired 22 types of immune cell infiltration data 
through the CIBERSOER algorithm. Subsequently, 
we evaluated the immune cell correlation of BMG 
prognostic model genes (Figure 10A).  HSPB1 was 
positively correlated with T cell regulation and natural 
killer cell activation. SMC2 was positively correlated with 
the cluster of differentiation 4 (CD4) T cell activation 
(Figure 10B). Results of the immune microenvironment 
indicated substantial immunosuppression in the high-
risk group (Figure 10C). Additionally, microsatellite 
instability analysis showed a higher proportion of stability 
groups [microsatellite stability (MSS)] in high-risk groups  
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(Figure 10D). The high-frequency microsatellite instability 
group differed from the other two groups, and patients in 
the high-frequency microsatellite instability group also had 
the lowest scores (Figure 10E).

MR analysis

We conducted an MR study to explore the causal 
relationship between the groups. This step helped us 
explore the association between BMG and GC. First, SNPs 
strongly correlated with the exposure factors were selected 
as the instrumental variables for MR analysis. We set the 
filtering condition at P<5×10−8 (Figure 11). Subsequently, we 
conducted a linkage disequilibrium analysis and a F-number 
test. Fourteen SNPs were selected for further analysis  
(Table S2). Our results provided no evidence for an 
association between BMG and GC (Table 1 and Figure 12).

Validation of prognostic genes

We collected tissue samples and adjacent tissues of  
3 GC patients, and identified by PCR analysis that, the 

primer sequence is described in Table S3, SMC2 was 
highly expressed in tumor tissues, while HSPB1 was 
low expressed in tumor tissues (Figure 13A). We further 
detected the protein level expression of prognostic genes 
by immunofluorescence, and found that SMC2 was highly 
expressed in tumor tissues, while HSPB1 was low expressed 
in tumor tissues (Figure 13B), which is consistent with our 
previous results.

Discussion

Butyrate plays a multifaceted and intricate role in cancer. 
Researchers have demonstrated the substantial anti-tumor 
effects of butyrate across various cancer types. For instance, 
butyrate impedes bladder cancer migration by inducing 
autophagy (23) and suppresses the proliferation of breast 
cancer cells by generating reactive oxygen species (24). 
Additionally, the combination of butyrate and cisplatin 
enhances the therapeutic effects for GC (25). Therefore, 
butyrate serves as a potential biological target or therapeutic 
agent for GC. However, researchers have not elucidated the 
underlying regulatory mechanism and role of the butyrate 

https://cdn.amegroups.cn/static/public/TCR-24-677-Supplementary.pdf
https://cdn.amegroups.cn/static/public/TCR-24-677-Supplementary.pdf
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metabolic pathway in GC.
We identified 209 differentially expressed genes related 

to BM, followed by the screening of 56 genes with the 
strongest correlation through co-expression networks. 
We classified the patients into subtypes A and B based 
on gene expression. Compared with subtype A, subtype 
B demonstrated a worse prognosis and an effect on 
immunotherapy, thereby indicating that subtype B can be 
used to predict the immunotherapy situation in patients 
with GC. We acquired 17 differential genes associated with 
subtypes A and B and 10 differential genes associated with 
BM and prognosis by univariate Cox regression. This step 
helped us elucidate the role of BMGs in GC prognosis. 
We conducted retyping based on the expression of 10 
differential genes. These genes are central to regulating GC 
treatment and prognosis.

The diagnostic model of BMG prognostic genes 
suggested the potential role of the butyrate metabolic 
pathway in the early diagnosis and prognosis of GC. 
The model was constructed using the LASSO algorithm 
and consisted of two genes, namely, SMC2 and HSPB1. 
SMC2 is the core subunit of the agglutination enzyme and 
is central to chromosome organization and separation. 
SMC2 is a member of the SMC family and is involved in 
several biological processes, such as apoptosis, chromosome 
separation defects, and DNA damage (26,27). Researchers 
have reported a notable upregulation of SMC2 in patients 
diagnosed with colorectal cancer, GC, lymphoma, and 
specific forms of neuroblastoma (28-30). SMC2 is a risk 
biomarker for pancreatic cancer (31). Je et al. (32) reported 
that 22% of the patients with GC and microsatellite 
instability-high (MSI-H) demonstrated changes in both 
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Figure 8 Construction of the prognostic model. (A) Associations among BMG subtypes, BMG prognostic subtypes, and prognosis survival. 
(B) LASSO prognostic model construction. (C-E) Evaluation of the prognostic models. BMG, butyrate metabolism-related gene; LASSO, 
least absolute shrinkage and selection operator. 

displacement mutation and the loss of expression of the 
SMC2 gene. Thereby, changes in the SMC2 gene may be 
related to GC pathogenesis. Heat-shock 27-kDa (HSP27) 
protein 1 is a ubiquitin-binding protein involved in the 
proteasomal degradation of proteins under stress. HSP27 
knockdown inhibits the differentiation of human red 
blood cells and leukemia cell lines (33). HSPB1 plays an 
important role in various cancers, including GC (34,35). In 
GC, HSPB1 can form a p38/pHSPB1 cascade with p38/

MAPKAPK2 to promote tumor growth and metastasis 
(36). Ser15 of HSPB1 is phosphorylated by T-LAK 
cell-originated protein kinase (TOPK), promoting the 
proliferation and transfer of GC through the FYN/TOPK/
HSPB1 axis (37). The research status of previous studies is 
consistent with our results, thereby confirming the accuracy 
and scientific validity of the model.

Similarly, we used MR to evaluate the causal relationship 
between BGM and GC. MR indicated no causa l 
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relationship; however, butyrate is a metabolite of intestinal 
flora. Furthermore, the intestinal flora is negatively 
correlated with GC regulation (38). Therefore, butyrate 
may act as an intermediate regulator between the intestinal 
flora and GC. We intend to explore the regulatory 
relationship among the intestinal flora, BGM, and GC in 

the future.

Conclusions

We identified two BG prognostic genes, namely, SMC2 and 
HSPB1, as the prognostic markers of GC. Furthermore, 
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Figure 11 SNP correlation analysis. Each color represents one chromosome. The red line represents the threshold P<5e−8. Y-axis is the 
statistical significance P value associated with this site [−Log10(P)]. SNP, single nucleotide polymorphism.
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Table 1 MR analysis of the causal effect of butyrate metabolism on gastric cancer

Case Outcome Exposure Method P value OR
95% CI

Lower Upper

1 GC Butyrate Inverse variance weighted 0.15 0.78 0.55 1.10

2 GC Butyrate MR Egger 0.50 0.61 0.16 2.42

3 GC Butyrate Weighted median 0.37 0.81 0.50 1.29

4 GC Butyrate Simple mode 0.81 1.11 0.47 2.63

5 GC Butyrate Weighted mode 0.77 1.12 0.53 2.38

MR, Mendelian randomization; OR, odds ratio; CI, confidence interval; GC, gastric cancer.
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we observed no causal association between the butyrate 
metabolic pathways and GC through MR.
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