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Abstract

BACKGROUND

Gastric cancer (GC) is a highly aggressive malignancy with a heterogeneous nature,
which makes prognosis prediction and treatment determination difficult. Inflammation
is now recognized as one of the hallmarks of cancer and plays an important role in the
aetiology and continued growth of tumours. Inflammation also affects the prognosis of
GC patients. Recent reports suggest that a number of inflammatory-related biomarkers
are useful for predicting tumour prognosis. However, the importance of inflammatory-

related biomarkers in predicting the prognosis of GC patients is still unclear.

AIM
To investigate inflammatory-related biomarkers in predicting the prognosis of GC

patients.

METHODS




In this study, the mRNA expression profiles and corresponding clinical information of
GC patients were obtained from the Gene Expression Omnibus (GEO) database
(GSE66229). An inflammatory-related gene prognostic signature model was constructed
using the least absolute shrinkage and selection operator Cox regression model based
on the GEO database. GC patients from the GSE26253 cohort were used for validation.
Univariate and multivariate Cox analyses were used to determine the independent
prognostic factors, and a prognostic nomogram was established. The calibration curve
and the area under the curve based on receiver operating characteristic analysis were
utilized to evaluate the predictive value of the nomogram. The decision curve analysis
results were plotted to quantify and assess the clinical value of the nomogram. Gene set
enrichment analysis was performed to explore the potential regulatory pathways
involved. The relationship between tumour immune infiltration status and risk score
was analysed via Tumour Immune Estimation Resource and CIBERSORT. Finally, we
analysed the association between risk score and patient sensitivity to commonly used

chemotherapy and targeted therapy agents.

RESULTS

A prognostic model consisting of three inflammatory-related genes (MRPS17, GUF1,
and PDK4) was constructed. Independent prognostic analysis revealed that the risk
score was a separate prognostic factor in GC patients. According to the risk score, GC
patients were stratified into high- and low-risk groups, and patients in the high-risk
group had significantly worse prognoses according to age, sex, TNM stage and Lauren
type. Consensus clustering identified three subtypes of inflammation that could predict
GC prognosis more accurately than traditional grading and staging. Finally, the study
revealed that patients in the low-risk group were more sensitive to certain drugs than
were those in the high-risk group, indicating a link between inflammation-related genes

and drug sensitivity.

CONCLUSION
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In conclusion, we established a novel three-gene prognostic signature that may be
useful for predicting the prognosis and personalizing treatment decisions of GC

patients.
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Core Tip: Our study identified a novel signature consisting of three inflammatory
response-related genes that could precisely predict the prognosis of patients with
gastric cancer (GC). The specific underlying mechanism of inflammatory response
related genes and tumor immunity in GC is still unclear, which deserves further study.
Taken together, our work will help shed light on their role in tumorgenesis, particularly
in the areas of immune response, tumor microenvironment and drug resistance, which

are critical for the development of personalized cancer therapies.

INTRODUCTION

Gastric cancer (GC) is one of the most common malignancies worldwide and is the

fourth leading cause of cancer mortality, with a worldwide incidence of one million

w cases and more than 700 thousand fatalities each year!!2l. Multiple factors, such as
family history, diet, alcohol consumgption, smoking, Helicobacter pylori (H. pylori) and
Epstein-Barr virus (EBV) infections, have been noted to have a significant impact on the
increased risk of developing GC. According to the Lauren division, two histological
subtypes of GC can be distinguished: intestinal and diffuse. The indeterminate type was
also included to characterize infrequent histology. Additionally, patients were

considered to have diffuse-subtype signature ring cell carcinoma. Different
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classifications exhibit different characteristics, including clinical features, genetics,
morphology, epidemiology and expansion propertiesi3l. With regard to range of
gastrectomy, this division also has an impact on surgical decision-making. The tumour,
lymph node, and metastasis (TNM) staging system and histological differentiation
degree have all been frequently employed for cancer categorization, prognosis
prediction and therapeutic decision-makingl*l. However, the TNM staging system has
not been sufficient in practice to predict the prognosis of patients with GC or to
formulate treatment plansPl. Currently, surgery, c otherapy, and molecular targeted
therapy are used for GC treatmentl®l. Although the therapeutic modalities available
have improved, the clinical prognosis has not improved significantly. Due to the high
incidence of local recurrence and distant metastases, the 5-year survival rate of GC
patients is less than 30%, and identifiable early GC symptoms are lackingl”l. Therefore,
identifying novel prognostic biomarkers for GC patients is critical, as these biomarkers
could be used E:-ractical therapeutic targets.

The tumour microenvironment (TME) is a specialized ecosystem of host components
designed by tumour cells for the successful development and metastasis of tumours(®l.
It contains various cell types, such as infiltrating immune cells, cancer-associated
fibroblasts, vascular cells, and inflammatory cells. In addition to the cellular
components within the tumour, various soluble substances, including cytokines,
chemokines, inflammatory factors and cellular metabolic products, are present.
Different components of the TME provide favourable environments for tumour growth
and survival. Over the past few decades, there has been great renewed interest in the
contribution of the immune system and inflammation to cancer development,
progression and treatment. The link between inflammation and cancer is well
recognized. Currently, tumour-associated inflammation is considered the seventh
biological feature of cancerl. In the early stages of tumorigeﬁesis, inflammatory cells
are powerful tumour promoters that produce a favourable environment for tumour
growth, facilitating genomic instability and promoting angiogenesis. In the middle, the

inflammatory cells, chemokines and cytokines that they produce influence the whole
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tumour organ, regulating the growth, migration and differentiation of all cell types in
the TME, including tumour cells, fibroblasts and endothelial cells. Subsequently,
tumour cells can also alter inflaimmatory mechanisms, such as selectin-ligand
interactions, MMP production, and chemokine funﬁion, to promote tumour spread and
metastasis. However, inflammatory responses can also be counterproductive to tumour
development and may represent an attempt by the host to suppress tumour growth.
Therefore, inflammation can both promote and inhibit cancer1011l. In recent years, more
has been learned about the relationship between inflammation and cancer(1213].
Approximately 20% of capcer cases are accompanied by persistent infection caused by
chronic inflammation('4, such as H. pylori-induced gastritis and hepatitis B/C virus-
induced hepatitis, yhich increase the risk of GC and hepatocellular carcinoma (HCC),
respectivelyl'51¢. Patients with inflammatory bowel disease are at a higher risk of
colorectal cancer, (CRC) due to the pro-neoplastic effects of chronic intestinal
inflammation(!7l. In GC, chronic inflammation of the gastric mucosa caused by H. pylori
infection is an established risk factor for tumour development and causes immune cell
migration to the stomach and the production of chemokines and cytokines, which
eventually leads to the transformation from chronic atrophic gastritis to metaplasia,
epithelial dysplasia, and eventually adenocarcinomal'll. Therefore, inflammation plays
an important role in the occurrence and development of GC. By analysing routinely
available blood parameters, people can explgre the relationship between cancer
incidence and inflammatory marker levels. Many studies have shown that the
neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR) reflect
patients” inflammation and immune status and that they are prognostic factors for
multiple tumours (including rectal, prostate, lung, and breast cancer and head and neck
squamous cell carcinoma)l820l, Furthermore, Mcmillan[?!l reported that the Glasgow
prognostic score, which consists of peripheral blood jnflammatory marker data, was an
independent prognostic factor in cancer patients. In addition to blood parameters,
several inflammatory response-related es have also been used to assess cancer

recurrence and metastasis. These studies suggest that the IRGS can be used to predict
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the prognosis and immune status of breast cancer patients, HCC patients, bladder ancer
patients, and pancreatic cancer patientsl2225]. Polymorphisms in inflammatory response-
related genes are involved in the modulation of the inflammatory response in the
pathogenesis of GCI26l. However, there is no reliable model according to inflammation-
related genes for predicting the prognosis of GC patients.

Genomic profiling provides prognostic and predictive information about tumour
biology and can aid in clinjcal decision-making and improve treatment options for
cancer patients!?.2l. In our study, we downloaded the mRNA expression profiles and
corresponding clinical data of patients with GC from a public database. Then, we
constructed a prognostic signature comprising three differentially expressed genes
(DEGs) related to the inflammatory response. We employed univariate and multivariate
Cox regression analyses to evaluate the prognosis of patients with GC from the Gene
Expression Omnibus (GEO) cohort independently and validated the stability and
reliability of the findings. Furthermore, we analysed the associations between
prognostic gene expression and immune infiltrate types and between prognostic gene
expression and chemotherapeutic sensitivity. We believe that this powerful prognostic
signature could help improve the risk stratification of GC patients, provide a more
effective assessment for clinical management and provide new therapeutic targets for

the treatment of these patients.

MATERIALS AND METHODS

Publicly available mrna data and metastasis gene sets

The RNA sequencing (RNA-seq) gene expression data and relevant clinical data of GC
patients were acquired from the GEO website (http:/ /www.ncbi.nlm.nih.gov/geo/).
The normalization of gene expression profiles was performed by the “limma” and
“SVA" R packages. A total of 300 GC patients from the GSE66229 cohort (from the GEO
database) were used as the training set, and another 432 GC patients from the GSE26253
cohort were used as the verification set. A total of 200 inflammatory-related genes were

selected and downloaded from the Molecular Signatures Database (MSigDB)
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(http:/ / www.gseamsigdb.org/ gsea/ msigdb/cards/HALLMARK_INFLAMMATORY _
RESPONSE.html) and are shown in Supplementary Table 1. The clinicopathological
data, including survival information, age, sex, TNM stage, and Lauren type, were
collected. Because all the data were from public databases, ethical review was not

needed.

Establishing and verifying a prognostic model of inflammatory-related genes

Univariate Cox analysis of overall survival (OS) was carried out to identify the
inflammatory-related genes with prognostic significance. We utilized the log-rank test
to adjust the P value. To reduce the number of prognostically significant candidate
inflammatory-related genes, we employed least absolute shrinkage and selection

operator (LASSO) Cox regression analysis for OS, which utilized the above mentioned

screened genes as input. The most vital value in the LASSO Cox regression analysis was
A. With different A values, LASSO Cox regression analysis can be used to screen
different genes. We used cross-validation to determine the optimal A for disease free
survival (DFS) and OS. With these A\ values, the genes associated with OS were
identified via LASSO Cox regression analysis. Using these A values, we identified genes
associated with OS via LASSO Cox regression analysis. We then performed multivariate
Cox regression analysis to determine the coefficients for the prognostic models of OS.

The prognostic models were represented as risk scores, which are expressed as follows:

N
Risk Score = ZExpi X Coefi
i=1

Patients with OS survival status and survival time were divided into low- and high-
risk groups by the optimal cut-gff point determined by the surv_cutpoint function in
the “Survminer” package in R. Through the R packages “survival” and “survminer,”
Kaplan-Meier analysis was employed to compare OS between the low- and high-risk
groups. We also performed the same procedures for patients in all stages (stages I, II,

and III), patients in stage I, patients in stages I and I, and patients in stage III. To assess
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the predictive power of the risk score, we plotted receiver operating characteristic
(ROC) curves and displayed the 1-, 3- and 5-year projections as functions of survival

using the “survivalROC” R package.

Functional enrichment amﬂysiwld protein-protein interaction network

Gene Ontology (GO) analysis is a major bioinformatics tool for annotating genes and
analysing the biological processes associated with these genes/??l. GO enrichment
analysis was conducted with R software based on the genes identified via univariate
Cox analysis of OS. A protein-protein interaction (PPI) network of the genes was
constructed using the Search Tool for the Retrieval of Interacting Genes (STRING)
database (STRING; http://string-db.org) (version 10.0)*l, and an interaction with a
combined score > 0.4 was considered to be statistically significant. To visualize the PPI
network, we used Cytoscape software (version 3.4.0) (https:/ /cytoscape.org/), an open
bioinformatics platform for visualizing the molecular interaction network3'l. Hub genes
in the PPI network were screened by CytoHubba in Cytoscape, and the top hub genes

were selected for further analysis.

lidation of the prognostic model as an independent clinical factor
Univariate and multivariate Cox analyses were used to determine whether the
signature was an independent risk factor. To explore the relevance of the established
prognostic model to clinical information, univariate Cox regression analyses were
performed on patients with OS to generate risk scores, taking into account other clinical
characteristics, including stage, sex, and age. Risk scores and other clinical factors were
considered to be significantly related when the P value was < 0.05. We used a
multivariate Cox proportional hazard model to examine the association between the
risk score and other clinical factors and OS. The results of the multivariate Cox
regression model were visualized in a combined forest plot. We also applied the same

procedure to OS patients and the validation dataset from the GEO (GSE26253).
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Construction and verification of the nomogram

To facilitate the clinical application of our model, we created a nomogram that predicts
1-, 3-, and 5-year survival probabilities. ROC curve analysis was subsequently
performed to determine the area under the curve (AUC) and evaluate the ability of the
model to predict prognostic risk. The same procedure was used for the OS patients and
the validation cohort. A calibration curve was produced to validate the nomogram’s

predictive value by using the calibration function in the “rms”

package in R.
Furthermore, we conducted a decision curve analysis (DCA) to quantify and evaluate
the clinical value of the nomogram(32l. DCA was performed to determine the clinical net

benefit of the nomogram compared with that of any of the other strategies(!.

Identification and validation of inflammatory subtypes

The inflammatory-related genes identified in the univariate Cox analysis of OS were
clustered on the basis of their expression profiles, and a consistency matrix was
constructed to identify the corresponding immune subtypes and gene modules. The
partition around medoids algorithm using the “1-Pearson correlation” distance metric
was applied, and 500 bootstraps were performed, each involving 80% of the patients in
the discovery cohort. The cluster sets varied from 2 to 7, and the optimal partition was
determined by evaluating the consensus matrix and the consensus cumulative
distribution function. The inflammatory subtypes were subsequently validated in the
validation cohort with the same settings. The consistency of inflammatory subtypes
between the discovery and validation cohorts was quantified by calculating the
intragroup proportions and Pearson correlations in the centroids of the gene module

scCores.

Prognostic evaluation of inflammatory subtypes
The prognostic values of the inflammatory subtypes were assessed through the log-
rank test and univariate Cox regression with signature, stage and clinically distinct

subtypes as covariates and OS as the endpoint. ANOVA was used to evaluate the
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associations of inflammatory subtypes with different inflammatory-related molecular

and cellular characteristics.

External validation using online databases

The present study inves;ﬁted hub genes via LASSO Cox regression using several
online databases: (1) Oncomine database analysis. The Oncomine database
(http:/ / www.oncomine.org) is a tumour microarray database and online data analysis
tool that contains information from many “multiple arrays”[34. This tool was used to
identify gene expression signatures in various types of cancers. The database was
accessed at a P value threshold of 0.001 and a fold change threshold of 2, and gene
expression levels were obtained by comparing mRNA expression in tumour tissue to
that in normal tissue. Genes with a P value < 1E-4, a fold change > 2, or a top gene rank
of 10% were consideredl®]; (2) Gene correlation analysis was performed via Gene
Expression Profiling Interactive Analysis (GEPIA). The online database GEPIAI®I
(http:/ / gepia.cancer-pku.cn/index.html) was used to confirm_significantly correlated
genes via Tumour Immune Estimation Resource (TIMER); (3) The Human Protein Atlas
(HPA) database contains immunohistochemistry (IHC)-based expression data for
approximately the 20 most common types of cancer and 12 individual tumours of each
cancer type; and (4) cBioPortal analysis The cBioPortal website
(https:/ /www.cbioportal.org/) developed by the Memorial Sloan Kettering Cancer
Center is a comprehensive open network platform based on The Cancer Genome Atlas
(TCGA) database that integrates data mining, data integration, and visualization. The
genetic alteaions of four inflammatory-related genes were obtained from the TCGA
cBioPortal. The cBioPortal for Cancer Genomics (http:/ /cbioportal.org) was constructed
specifically to decrease the difficulty of obtaining complex datasets and promote the
translation of genomic data into novel biological knowledge, treatments, and clinical
trialsl®). This platform allows researchers to visualize gene alteration patterns across
samples, compare alteration frequencies across multiple tumour studies, and aggregate

alterations of all related genomes in a single cancer sample. Various genomic data
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types, such as somatic mutations, DNA copy number alterations, mRNA and
microRNA expression, DNA methylation, protein abundance, and phosphoprotein

abundance, can be analysed via the cBioPortall3l.

Assessment of immune cell infiltration and the immune microenvironment

The TIMER (https:/ /cistrome.shinyapps.io/timer/) is a web interaction platform that is
used to analyse tumour-infiltrating immunocytes systematically. We utilized TIMER to
investigate the effect of inflammatory response-related genes on the status of the TME.
The relationship between gene expression in the risk score model and tumour-
infiltrating immune cells was assessed by the purity-correlated partial Spearman
correlatiownd statistical significanceP?l. CIBERSORT is a tool in which expression data
are used to represent the cell composition of complex tissues based on preprocessed
gene expression profiles. LM22 of CIBERSORT defines 22 immune cell subsets obtained
from the CIBERSORT web portal (http://CIBERSORT.stanford.edu/). The RNA-Seq
data of the GSE66229 cohort were ganalysed via CIBERSORT to obtain the abundance
ratio matrix of 22 immune cellslm.‘ée differential abundance of immune infiltrates was
obtained by comparing the distribution of immune cells in the low- and high-gene
groups using R software. Correlation analysis was subsequently conducted among the

levels of immune cells.

emotherapy sensitivity analysis
To evaluate the role of the signature in predicting the sensitivity of GC to chemical
drugs, we calculated the half-maximal inhibitory concentration (ICsp)) of common
chemotherapy drugs applied for the clinical treatment of GC. The Wilcoxon signed-rank

test was used to compare the ICs values between the high- and low-risk groups.

tistical analysis
Student's t test was used to compare gene expression between tumour tiss and

adjacent nontumorous tissues. Differences in proportions were compared by the chi-
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square test. We used Kaplan-Meier analysis with the log-rank test to compare OS
between different groups. Univariate and multivariateéox regression analyses were
implemented to identify independent predictors of OS. The prognostic performance of
the risk score for survival prediction was evaluated by ROC curve analysis, and the
AUC was calculated. The decision curve analysis (DéA) results were plotted to
quantify and assess the clinical value of the nomogram. Spearman correlation analysis
was used to test the associations between the risk scores of the prognostic models and
immune cell counts. The ICsp values were compared between th o groups by the
Wilcoxon test. All the statistical analyses were performed with R software (version
3.5.3). If not specified above, a P value less than 0.05 was considered to indicate

statistical significance.

RESULTS

Patient selection

The workflow of our research is illustrated in Supplementary Figure 1. A total of 300
GC patients were selected as the training set from the GEO database (GSE66229), and
432 GC patients were selected as the validation set from the GEO database (GSE26253).
We collected clinicopathologic data from both the training and validation cohorts, the
results of which are summarized in Table 1. The clinical characteristics of the GC
patients included age, sex, TNM stage, Lauren type, survival time, and survival status.

Patients with incomplete information were excluded from our analysis.

ntification of differentially expociated genes in the GEO cohort
The differentially expressed genes (DEGs) obtained from the GEO datasets were
intersected with the inflammatory-related gene set to obtain “differentially expressed
inflammatory-related genes”. A total of 173 genes were identified by matching the
GSE66229 cohort with inflammatory-related genes, for which a total of 200
inflammatory response-related genes were obtained through the MSigDB. We then

performed a univariate Cox regression analysis to investigate the association of these
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inflammatory-related genes with the prognosis of GC patients. Ultimately, 23
inflammatory-related genes were found to be associated with OS (OS-related DEGs) (P

< 0.05) in the training cohort.

Establishment and wverification of the prognostic inflammatory response-related
signature

In our study, we utilized LASSO Cox regression analysis and multivariate Cox
regression analyses to identify DEGs associated with OS to establish an inflammation-
related prognostic model. Through our analysis, we identified five OS-related DEGs
(L1R1, GCH1, VIP, GPC3, and MEFV) (Figure 1A and B). These DEGs were further
subjected to LASSO Cox regression and multivariate Cox regression analysis (Figure
1C) to obtain the coefficients for the prognostic models of OS.

To further explore the correlation between risk scores and clinical characteristics, we
analysed the differences in risk scores among the various subgroups stratified by
clinical characteristics. As depicted in Figure 1C. GO analysis was carried out to
investigate the potential biological importance of the three DFS-related DEGs and eight
OS-related DEGs. GO enrichment revealed the top pathways that were positively
correlated with inflammation in OS, such as the inflammatory response, viral entry into
host cells, and the interleukin-1-mediated signalling pathway (Figure 1D). These
findings suggest that GO enrichment is critically important in GC patients and is
strongly associated with inflammation, especially in the inﬂammat% response. In
addition, a PPI network of prognostic inflammatory-related genes was constructed
using the Search Tool for the Retrieval of Interacting Genes (STRING) database (version
10.0) and visualized using Cytoscape (Figure 1E) to better understand the interactions

of the genes with one another.

Independent prediction of the prognostic model
We further investigated the prognostic value of the inflammatory-related gene

signature stratified by TNM stage (I + II, III or IV), sex (female or male), age (> 60
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years or < 60 years), and Lauren type (intestinal, diffuse, mixed). The optimal risk score
cut-off point for OS status and time was -0.26, as illustrated in Figure 2A. Based on this
cut-off point, we divided the OS patients into high- and low-risk groups, as shown in
Figure 2A. K-M survival analysis was also conducted to evaluate the significance of
differences in survival outcomes between the high-risk and low-risk patients. The
Kaplan-Meier (KM) survival curve of the OS patients under the optimal cut-off point is
depicted in Figure 2B (P value < 0.0001). The survival curves of the patients with stage I
+ 11, Il and IV disease are depicted in Figure 2C-E, with P < 0.05. Moreover, the survival
curves according Esex (Figure 2F-G), age (Figure 2H-I) and Lauren type (Figure 2]-L)
are shown. K-M analysis suggested that patients with high risk_scores had worse
outcomes than did those with low risk scores in all the subgroups (all P < 0.05). These
results suggested that the risk score might serve as an effective indicator for predicting
the OS of patients with GC.

The Kaplan-Meier survival curves of OS for the validation dataset also showed that
patients had different TNM stages (Figure 3B-D), sexes (Figure 3E and F), ages (Figure
3G and H) and Lauren types (Figure 3I-K).

The prognostic model as an independent clinical parameter

Univariate and multivariate Cox regression analyses were performed to explore the
independence of the inflammatory-related genes as a signature by comparing clinical
features, including TNM stage, age, sex and Lauren type. Cox multivariate regression
analysis revealed that this prognostic model was an independent prognostic factor f
OS (Figure 4A). To improve the practicality of the proposed approach for clinicians, a
nomogram was established to predict 1-, 3-, and 5-year OS rates in the training cohort
by incorporating risk scores and clinicopathglogical parameters, such as stage, age, sex,
and Lauren type (Figure 4B). To construct the nomogram, a vertical line up to the top
point row was drawn to assign points for each variable. Then, the total points for a

patient can be summed, and the probabilities of 1-, 3- and 5-year OS can be obtained by
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drawing a vertical line from the total points row. The C-index of OS was 0.748. The
AUCs were 0.774, 0.724, and 0.709 at the 1-, 3-, and 5-year follow-ups, respectively.

Identification ofpotenti%inﬂammatmy subtypes of GC patients

Inflammatory subtypes can be used to reflect the immune status of the tumour and its
microenvironment, thereby helping to identify patients suitable for vaccination.
Subsequentlyﬁve identified inflammation-based clusters utilizing consensus clustering.
We analysed the expression profiles of 200 inflammation-related genes in 229 samples
from the derivation cohort to construct a consensus clustering cohort. Based on their
cumulative distribution function and functional delta area, we chose k = 3, where
inflammatory-related genes appeared to be stably clustered (Figure 5A and B). After K-
means clustering, we identified 3 inflammatory subtypes, designated FS1-FS3 (Figure
5C). The expression levels of inflammatory-related genes varied among the different
clusters. Survival analysis revealed that patients in Cluster FS1 and FS2 had a better
prognosis than patients in Cluster FS3 did (Figure 6A). The distribution of tumour stage
and grade among the subtypes indicated that an irregular cluster of patients was
diagnosed at different stages (Figure 6B), while both Grade 1 and Grade 4 were
significantly associated with FS1 (Figure 6C). Consistent with the results of the
GSE66229 cohort (Figure 6E), the inflammatory subtype was also a prognostic factor in
the GSE26253 cohort (Figure 6E) and significantly varied at different stages (Figure 6F),
and both Grade 1 and_4 were strongly correlated with FS1 (Figure 6H). Overall, the
inflammatory subtype can be utilized to predict the prognosis of patients with GC, and
its accuracy is better than that of traditional grading and staging methods, which are

consistent across different cohorts.

External validation using an online database
The expression levels of the prognostic genes were verified using an online database.
Consistent with our findings, the level of ILIR1T mRNA expression in the Oncomine

microarray database (https://www.oncomine.org) was significantly greater in GC




tumour tissues than in normal tissues. (Figure 7A). Survival analysis of patients in the
GEPIA database revealed that patients with high ILIR1 expression had significantly
shorter OS (Figure 7B and C). However, the expression of HAMP, NOX4 and SLC1A5
had no significant effect on OS. By using an online database, we further reviewed the
proteomic data and found that the protein level of ILIR1 was significantly
downregulated in GC and that this protein could form an inflammatory circuit during
the development of H. pylori-associated GC
(https:/ /www.oncotarget.com/article/ 7239 /text/). = The  representative  protein
expression levels of IL1IR1 in human ngrmal and GC tissues were determined using the
HPA, as shown in Figure 7D and E. The frequencies of genetic alterations in the five
predictive genes in GC were evaluated using the cBioPortal database. The results from
the cBioPortal database revealed that among the four genes included in the risk score
model, ILIR1 was associated with genetic alterations (1.4%), and amplification was the
most common variant (Figure 7F). Taken together, these findings indicate that ILIR1 is
aberrantly expressed and that low IL1R1 expression predicts adverse outcomes and is a

potential prognosticator.

Correlation of the signature with immune cell infiltration
Given the important role of inflammatory responses in the tumour immune
microenvironment, we performed correlation analysis between inflammatory-related
genes and immune infiltration levels in GC patients by using the online tool TIMER, as
shown in Figure 8. The scatterplots showed that the expression level of IL1R1 was
positively associated with all six types of immune infiltration in GC patients (Figure 8).
However, the expression levels of the other genes were irregular and not clearly
associated with immune infiltration. These results suggest that IL1R1 may play a crucial
role in the immune response.

To explore the relationship between the risk signature and the tumour immune
landscape, the CIBERSORT algorithnﬁvas used to evaluate immune infiltration

between the low- and high-risk groups. The correlation matrix showed the relationships
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between different infiltrating immune cells in GC samples according to the results of
the CIBERSORT algorithm (Supplementary Figure 2). According to the correlation
heatmap, the proportions of 22 infiltrating im e cells were gradually correlated.
Among the GC samples in the GSE66229 cohort, 22 immune cell infiltration landscapes
with a marked difference in the percentage of immunocytes among the samples were
observed (Figure 9A). In addition, the violin plot revealed that the fractions of T
follicular helper cells and activated mast cells were greater in the high-risk group.
However, the numbers of activated memory CD4 T cells, activated NK cells, M1
macrophages, and neutrophils were greater in the low-risk group (Figure 9B).
Moreover, compared with those in the low-risk up, the fractions of naive B cells,
gamma delta T cells, and eosinophils were greater in the high-risk group. Moreover, the
numbers of plasma cells, activated NK cells, and activated dendritic cells were greater
in the low-risk group (Figure 8C). Thus, we concluded that activated NK cells might

play an important role in GC patients.

Prediction of treatment response based on the inflammatory-related gene signature

To explore the relationship between the signature and response to therapeutic drugs
currently used for GC, we selected common chemotherapeutic drugs and targeted
agents to evaluate the sensitivities of patients in the low- and high-risk groups. The
results showed that drugs_such as bortezomib, crizotinib, luminespib, and oxaliplatin
had lower ICsos in the low-risk group than in the high-risk group, which suggested that
patients in the low-risk group were more sensitive to these drugs than were those in the
high-risk group (Figure 10). As a result, the model shows great potential for predicting
chemotherapy sensitivity and may help clinicians choose optimal chemotherapy

regimens.

DISCUSSION
Genomic analysis is a promising approach for providing prognostic and predictive

information to guide clinical diagnosis and treatment decisions in cancer patients. Due
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to the scarcity of useful biomarkers, early diagnosis of GC and reliable prediction of
patient response to chemotherapy and immune checkpoint inhibitors are often
unavailable. To our knowledge, inflammation is an important hallmark of cancer and
plays an integral role in the development and progression of cancer. Previous studies
have indicated that inflammatory-related gene signatures can predict the prognosis and
impact the immune status of HCC®), lung adenocarcinomal®], head and neck
squamous cell carcinomal#ll, and pancreatic adenocarcinomal#2l. These findings suggest
that inflammatory-related genes could be used as tumour prognostic markers and are
closely related to tumorigenesis. In addition, some reports have suggested that serum
biomarkers related to the inflammatory response, such as the preoperative NLR,
derived NLR, PLR, and lymphocyte-to-monocyte ratio, can serve as good predictors of
GC prognosis/#l. However, the potential of an inflammatory-related gene signature as a
prognostiémarker for GC has not been investigated.

In our study, we systematically explored the expression of inflammatory response-
related genes in GC tissues and their relationship with DFS and OS. A total of 173 genes
were identified by matching the GSE66229 cohort with inflammatory-related genes.
Univariate Cox analysis revealed that 23 DEGs were associated with OS (OS-related
DEGs). To establish a prognostic model for OS, we used LASSO regression analysis to
identify three inflammatory-related genes based on the GSE66229 dataset and validated
the results using the GSE39582 dataset from the GEO. The validity of the novel
signature was shown in the training, validation, and stage subgroups. The signature
exhibited robust prog%stic capacity, especially for the short-term survival of patients
with GC. In addition, the OS of patients at high risk was shorter than that of patients at
low risk according to the TNM stage. In addition, multivariate Cox regression analysis
indicated that our prognostic model was an independent prognostic parameter for OS
(hazard ratio > 1, P < 0.010). The AUC was used to verify the predictive power of the
features. Additionally, the forest plot suggested that the risk score was an independent
parameter according to the multivariate Cox regression analyses. Moreover, a

nomogram integrating the inflammatory-related gene signature and clinical features
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was built to predict 1-, 3-, and 5-year DFS, and its predictive ability was validated in the
GSE26253 dataset. Therefore, our nomogram may provide simple and accurate
prognostic predictions for GC.

Subsequently, we used consensus clustering to identify inflammatory-based
subtypes. After K-means clustering, we identified three subtypes of inflammation,
namely, FS1, FS2 and FS3. Survival analysis revealed that patients in the FS1 and FS2
groups had better ptﬁnoses than patients in the FS3 group. In conclusion,
inflammatory subtypes can be used to predict the prognosis of GC patients with better
accuracy than traditional grading and staging methods.

Moreover, the expression levels of the three prognostic genes were verified using an
online database. Among the three genes included in the prognostic model, IL1R1 was
found to be obviously overexpressed at the mRNA level in GC tumours compared to
normal tissues in the GEPIA database (Figure 7A, S10C). Survival analysis revealed that
patients with high IL1R1 expression had significantly shorter OS and DFS (Figure 7B
and C). Patients with high ILIR1 expression in the GEPIA cohort had markedly shorter
DFS and OS than patients with low IL1R1 expression. Moreover, the IL1R1 results were
consistent with the DFS and OS results in the GSE17536 cohort in PrognoScan. Taken
together, our findings indicate that IL1R1 is aberrantly expressed and that high IL1R1
e ssion is a potential prognosticator of adverse outcomes.

ILIR1 (interleukin 1 receptor, type 1) is a cytokine receptor that belongs to the
interleukin-1 receptor family and is an important medjator involved in many cytokine-
induced immune and inflammatory responses. IL1R1, an essential participant in the IL-
1R signalling pathway, is the only receptor that can bind to both agonistic ligands, IL-1a
and IL-1P, subsequently mediating positive signal transduction via the NF-xB and MAP
kinase pathways and participating in the pathogenesis of cancerl445l. The literature has
illustrated the potential value of IL1IR1 antagonists and anti-IL-1 monoclonal antibodies
in inhibiting primary tumour growth and reversing acquired chemotherapy and ICB
resistance in a variety of modelsl4-48l. Several clinical trials have evaluated the

therapeutic value of targeting IL1IR1 and the synergistic effect of IL1R1 antagonists,
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such as kinra, with existing therapeutic strategies!*l. In GC, Zhang et all> reported
that the IL-1R1 concentration was an adverse independent prognosticator and was
associated with inferior responsiveness to both ACT and ICB. Therefore, they suggested
that ILIR1 might be associated with tumour progression in GC. Furthermore, they
found that IL1R1 promoted an immunosuppressive TME and was associated with
aarticular genotypes, especially a loss of MSI status and increased genomic stability.
Since multiple clinical trials have been carried out to evaluate the therapeutic value of
IL1R1 antagonists alone or in combination with existing chemotherapeutic agents in a
large variety of cancers, IL1R1 blockade might be a novel approach for GC treatment in
the near futurel50l.

The TME is a pivotal component of cancer®l, and inflammation is a crucial
component of the TMEI52. Immunocytes are essential ingredients of the TME. These
immunocytes differentiate into subsets with distinct effects, and inflammatory
reprogramming occurs during this processl53l. These immunocytes in the TME have
inflammatory characteristics that differ from those in nontumorous tissues/54. OS was
dramatically worse in patients with low CD8+ T-cell infiltration than in those with high
CD8+ T-cell infiltration. The survival rate of patients with high CD8+ T-cell infiltration
was 100%. Moreover, itumoural CD8+ T-cell infiltration has an antitumour effect on
patients with CRCI>®l, CD8+ T-cell expansion and function rely on glycolysis. However,
the mechanisms underlying CD8+ T-cell metabolism remain unclear(>l. Our previous
study demonstrated that increasing B-cell infiltration, clonal expansion, and mutational
frequency from the caecum to the sigmoid colon were linked to an increasing number of
reactive bacterial species®l. Numerous B-cell clones are distributed into two broad
networks: one includes the blood, bone marrow, spleen, and lung, whereas the other is
distributed to the digestive tract, including colorectal tissues (38). B-cell clonal lineages
are the basis for investigations of tissue-based immunity, including infection, vaccine
response, autoimmunity, and tumoursP8l. Inflammatory reprogramming of tumour
cells and the TME is emerging as a critical characteristic affecting tumour development,

metastasis, and response to treatment/®l. A better understanding of inflammatory
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communication among tumour cells, the intestinal flora, and immunocyte populations
will open new avenues for identifying strategies to boost antitumoral immune
responses in GC patients. Therefore, we also explored the relationship between the
inflammatory-related gene signature and _the tumour immunity landscape. The
CIBERSORT algorithm results showed that the 22 immune cell infiltration landscapes
exhibited a marked difference in the percentage of immunocytes among the samples. In
patients in the low-risk group, greater proportions of infiltrating CD4+ memory T cells,
activated NK cells, M1 macrophages, neutrophils, plasma cells, activated NK cells, and
activated dendritic cells were found. In addition, the fractions of T follicular helper cells,
activated mast cells, naive B cells, gamma delta T cells, and eosinophils were greater in
the high-risk group. Thus, we concluded that activated NK cells might play an
important role in GC patients.

Chemical treatment is one of the most basic and traditional methods for treating
tumours and is widely used in clinical practice. However, there is a major problem of
resistance to chemotherapeutic drugs, which results in a much less effective therapeutic
effect. Therefore, we analysed the role of the risk model in differentiating
chemosensitivity. The ICsps of several common chemotherapeutic _agents were
significantly different among the different risk groups. We observed that patients in the
low-risk group were more sensitive to bortezomib, crizotinib, Luminex, and oxaliplatin
than were those in the high-risk group, suggesting that inflammation-related genes are
associated with drug sensitivity. Therefore, this prognostic model can be used to predict
the prognosis of patients with GC, helping to elucidate the molecular mechanism of GC
and providing new ideas for targeted therapy. Inflammation-related genes can be used
as predictors of GC clinical outcomes and therapeutic response and even as therapeutic
targets for overcoming drug resistance or adjuvant drug sensitivity.

Despite the use of various methods to optimize our model, there are still several
limitations and shortcomings that need to be addressed. First, the analysis was based on
data from public databases, and all the samples were obtained retrospectively,

indicating that prospective multicentre trials and in vivo/in vitro experimental studies
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are needed to explore the specific mechanism of these genes in relation to the prognosis
of GC. Furthermore, although our prognostic nomogram integrates the IRG signature
and clinical features, we cannot determine the contribution of each IRG to this
signature. In addition, important risk factors for GC, such as family history, diet,
alcohol consumption, smoking status, and H. pylori and EBV infection, were not
included in the analysis. We will continue to study this area in the future. Finally, this
study preliminarily explored the potential relationship between the IRG risk signature
and immune cell infiltration, and further studies are needed to reveal the potential

underlying mechanism involved.

CONCLUSION

In summary, we identified a novel signature consisting of three inflammatory response-
related genes that could precisely predict the prognosis of patients with GC. However,
the specific underlying mechanism of inflammatory response-related genes and tumour
immunity in GC is still unclear and deserveséurther study. Taken together, our work
will help shed light on the role of these genes in tumorigenesis, particularly in the areas
of immune response, TME and drug resistance, which are critical for the development

of personalized cancer therapies.

ARTICLE HIGHLIGHTS

Research background

Gastric cancer (GC) is a highly aggressive malignancy with a heterogeneous nature,
which makes prognosis prediction and treatment determination difficult. Inflammation
is now recognized as one of the hallmarks of cancer and plays an important role in the
aetiology and continued growth of tumours. Inflammation also affects the prognosis of
GC patients. Recent reports suggest that a number of inflammatory-related biomarkers

are useful for predicting tumour prognosis.

Research motivation
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The importance of inflammatory-related biomarkers in predicting the prognosis of GC

patients is still unclear.

Research objectives
We established a novel three-gene prognostic signature that may be useful for

predicting the prognosis and personalizing treatment decisions of GC patients.

esearch methods
We downloaded the mRNA expression profiles and corresponding clinical data of
patients with GC from a public database. Then, we constructed a prognostic signature
comprising three differentially expressed genes (DEGs) related to the inflammatory
response. We employed univariate and multivariate Cox regression analyses to evaluate
the prognosis of patients with GC from the GEO cohort independently and validated
the stability and reliability of the findings. Furthermore, we analysed the associations
between prognostic gene expression and immune infiltrate types and between

prognostic gene expression and chemotherapeutic sensitivity.

Research results

A prognostic model consisting of three inflammatory-related genes (MRPS17, GUFI,
and PDK4) was constructed. Independent prognostic analysis revealed that the
score was a separate prognostic factor in GC patients. According to the risk score, GC
patients were stratified into high- and low-risk groups, and patients in the high-risk
group had significantly worse prognoses according to age, sex, TNM stage and Lauren
type. Consensus clustering identified three subtypes of inflammation that could predict
GC progﬁ;is more accurately than traditional grading and staging. Finally, the study
revealed that patients in the low-risk group were more sensitive to certain drugs than
were those in the high-risk group, indicating a link between inflammation-related genes

and drug sensitivity.




Research conclusions

We identified a novel signature consisting of three inflammatory response-related genes
that could precisely predict the prognosis of patients with GC. However, the specific
underlying mechanism of inflammatory response-related genes and tumour immunity
in GC is still unclear and deserves furtEr study. Taken together, our work will help
shed light on the role of these genes in tumorigenesis, particularly in the areas of
immune response, tumour microenvironment and drug resistance, which are critical for

the development of personalized cancer therapies.

Research perspectives
We believe that this powerful prognostic signature could help improve the risk
stratification of GC patients, provide a more effective assessment for clinical

management and provide new therapeutic targets for the treatment of these patients.
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