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Construction of a novel signature
and prediction of the immune
landscape in gastric cancer based
on necroptosis-related genes

Zhengtian Li**, Wenkang Yang®*, Dejun Liu?, Weizheng Ye?, Gang Du*** & Xi Li***

Necroptosis, a type of programmed cell death, has become a potential therapeutic target for solid
tumors. Nevertheless, the potential roles of necroptosis-related genes (NRGs) in gastric cancer (GC)
remain unknown. The objective of the present study was to create a necroptosis-related prognostic
signature that can provide more accurate assessment of prognosis in GC. Using The Cancer Genome
Atlas (TCGA) and Gene Expression Omnibus (GEO) data, we identified differentially expressed NRGs.
Univariate analysis and Lasso regression were performed to determine the prognostic signature. Risk
scores were calculated and all GC patients were divided into high- and low-risk score group according
to the median risk score value. The robustness of this signature was externally validated with data
from GSE84437 cohort (n=431). Survival analysis revealed high-risk score patients had a worse
prognosis. Results evidenced that the signature was an independent prognosis factor for survival.
Single-sample sequence set enrichment analysis (ssGSEA) exhibited different enrichment of immune
cells and immune-related pathways in the two risk groups. Furthermore, a predictive nomogram was
generated and showed excellent predictive performance based on discrimination and calibration. In
addition, the risk score positively correlated with tumor mutational burden and was associated with
sensitivity to multiple anti-cancer drugs. Overall, our work demonstrates a close relationship between
necroptosis and the prognosis of GC. The signature we constructed with potential clinical application
value, can be used for prognosis prediction and being a potential therapeutic responses indicator in GC

patients.

Abbreviations

GC Gastric cancer

TME Tumor microenvironment
NRGs Necroptosis related genes

DENRGs Differentially expressed NRGs
NRGsig ~ NRGs-based genetic signature

(6N Overall survival

TCGA The cancer genome atlas

GEO Gene expression omnibus

KEGG Kyoto encyclopedia of genes and genomes
GO Gene ontology

BP Biological processes

MF Molecular function

CC Cellular components

PPI Protein-protein interaction

PCA Principal component analysis

t-SNE T-distributed stochastic neighbor embedding
CNV Copy number variations
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DEGs Differentially expressed genes

FDR False discovery rate

ssGSEA  Single-sample gene set enrichment analysis
ROC Receiver operating characteristic

DCA Decision curve analysis

GSEA Gene set enrichment analysis

TMB Tumor mutation burden

IPS Immunophenoscore

TCIA The cancer immunome atlas

TIDE Tumor immune dysfunction and exclusion

Gastric cancer (GC) is a leading contributor to global cancer mortality’. Attributed to the lack of early and effec-
tive detection methods, GC with early metastasis is characterized by poor prognosis, unsatisfactory treatment
effect>®. To date, surgical resection is currently the therapy of choice for the most of patients*. For most early
stages of GC patients, clinical symptoms are atypical and the signs are not obvious, causing delayed diagnosis,
missed diagnosis and loss of chance for surgical excision. Therefore, this raises an urgent need for developing
more effective diagnostic, prognostic and therapeutic biomarkers.

As early as 2005, Alexei discovered a programmed cell death pattern that is different from normal cell apop-
tosis: necroptosis, and then be confirmed as a unique pattern of cell death®. Unlike other programmed apoptosis,
necroptosis is a form of regulated cell death that is characterized by formation of the necrosome complex based
on swelling injury®. Necroptosis may accelerate cancer cell death or enhance the sensitivity of tumor cells to anti-
cancer treatment’"!. Research has demonstrated that necroptosis is able to overcome resistance to cancer drugs
mediated by P-glycoprotein, Bcl-2, and Bcl-xL in cancer cell lines'. Zhao et al. found that necroptosis-related
IncRNAs could predict prognosis and help make a distinction between the cold and hot tumors for improving
individual therapy in GC'. All these results indicated necroptosis may be a potent therapeutic target for the
treatment of cancer. Nevertheless, the precise role of necroptosis-related genes (NRGs) in GC still not clear.
Hence, understanding the impact of NRGs on GC development may provide potential prognostic biomarkers
and therapeutic targets and guide immunotherapy strategies for GC.

In this study, we aimed to develop a necroptosis-related prognostic signature (NRGsig) with guiding signifi-
cance for GC prognosis and immunotherapy. We successfully divided GC patients into two necroptosis-related
molecular subtypes with diverse clinical outcomes and tumor microenvironment (TME) infiltration character-
istics. Furthermore, we created the NRGsig to quantify the level of necroptosis and assist prognosis assessment
and therapeutic decision making for individual patients with GC.

Materials and methods

Data collection and processing. We first mined the Cancer Genome Atlas (TCGA) database (https://
portal.gdc.cancer.gov/) to obtain all the raw data, including mutation data, copy number variation (CNV) infor-
mation, RNA-sequencing (FPKM) and clinical data of 375 GC samples and 32 normal samples. Gene expression
dataset of GSE84437 were retrieved from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) and included
431 GC samples. Patients with incomplete clinical data were excluded. The clinical characteristics of GC samples
from TCGA-GC and GSE84437 cohorts were presented in Table 1. To eliminate batch effects of different cohorts,
we converted the fragments per kilobase million (FPKM) values into Transcripts Per Million (TPM) values by
data.table, tibble, dplyr, and tidyr R packages. After data correction, the transcriptome RNA sequences of the
TCGA-GC and GSE84437 cohorts were merged as meta-cohort by using the “ComBat” algorithm of the “SVA”
package.

Identification of differentially expressed NRGs and mutation analysis. By mining the Gene Set
Enrichment Analysis (GSEA) (http://www.gsea-msigdb.org/gsea/index.jsp), we acquired the necroptosis gene
set M24779.gmt, which contains eight necroptosis-associated genes. After an extensive literature search about
necroptosis, we ultimately identified 67 NRGs'*™* (details are presented in Table S1). Differentially expressed
NRGs (DENRGs) in tumor and normal tissues in the TCGA-GC cohort were screened using the “limma”
package, with p<0.05. Using the “maftools” package, we depicted the somatic mutation plots of DENRGs in
GC patients. The plots of CNV alterations and the chromosomal location for DENRGs were generated using
the“Circos” package. DENRGs were uploaded in STRING database (https://string-db.org/cgi/input.pl) and then
performed the protein—protein interaction (PPI) networks using cytoscape (version 3.7.2). Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway'®® and Gene ontology (GO) term analysis were also performed to
those DENRGs using "clusterProfiler", "org.Hs.eg.db", "enrichplot", and "ggplot2" R packages.

Consensus clustering analysis. To identify different molecular subtypes related with necroptosis, We con-
ducted consensus clustering using the “ConsensusClusterPlus” package based on the expression of DENRGs",
and then cycled 1000 times to ensure accurate and stable clustering. Kaplan-Meier (KM) curves were performed
using the “survival’and“survminer”packages. In addition, the TME infiltration characteristics among molecular
subtypes were performed using CIBERSORT algorithm. P<0.05 were considered significant.

Differences analysis among molecular subtypes. Differentially expressed genes (DEGs) between
distinct molecular subtypes were screened using the “limma” package, with adjusted P<0.05 and |Log2(fold
change) |>1%°. Enrichment analysis based on these DEGs was also performed via the “clusterProfiler” R
package?!. Adjusted P<0.05 was adopted as significant.
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TCGA-GC cohort | GSE84437 cohort
(n=375) (n=431)
Variables N (%) N (%)
Age (M £SD, years) 65.22+10.51 60.02+11.58
Age
<60 125 (33.3) 194 (28.3)
>60 250 (66.7) 237 (71.7)
Gender
Female 135 (36.0) 137 (45.5)
Male 240 (64.0) 294 (54.5)
Grade
G1-2 140 (37.3) -
G3 235 (62.7) -
Stage
I 47 (12.5) -
II 122 (32.5) -
111 172 (45.9) -
v 34(9.1) -

Table 1. Clinicopathologic characteristics of gastric cancer patients in TCGA and GSE84437 cohorts.

Construction and validation of necroptosis-related prognostic signature. Prognostic associated
genes were screened from DEGs by univariate Cox regression analysis and were next subjected to the lasso
Cox regression in TCGA-GC cohort and yielded optimal genes?*~?*. Thus, a prognostic signature that calcu-
lates individual risk scores was established and we termed as NRGsig. The formula patients risk scores was
described below: Risk score = YExpgenei*Pi, where Expgene represents the relative expression value of the opti-
mal genes, and P represents the regression coeflicient. Kaplan-Meier curves and receiver operating characteris-
tics (ROC) curves were performed to assess the sensitivity and specificity of NRGsig. In addition, investigation
was performed using principal component analysis (PCA) and T-distributed neighbor embedding (T-SNE) to
analyze whether the prognostic model might properly categorize patients into two risk groups®. In addition, the
GSE84437 cohort was used as an external validation set to confirm the model’s predictive value. Patients with
GC were stratified into distinct groups based on age (<60 or > 60 years), sex (female or male), grade (G1-2 and
G3), T-stage (T1-2 and T3-4), N-stage (NO and N1-3), and M-stage (MO0 and M1). To explore the impact of the
NRGsig on the clinicopathological features of GC, the R package “survminer” was applied to investigate the cor-
relation between risk score and the above clinical features.

Development of a prognostic nomogram and comparison of the prognostic signatures. Uni-
variate Cox analysis and multivariate Cox analysis were performed to evaluate the prognostic value of clinical
factors including risk score. We generated a nomogram integrating independent prognostic factors as a con-
venient tool for the prediction of 1, 3, and 5-year OS in individual GC patients using the “rms” package. The
discrimination, accuracy, and practicability of the nomogram were evaluated using the ROC curve, calibration
curve (with 1000 bootstrap resamples), and decision curve analysis (DCA)?, respectively. To compare efficacy
between the NRGsig and other multigenetic signatures of previous GC studies?’~*°, time-dependent ROC curve,
C-index and Kaplan-Meier curve analysis were carried out.

GSEA enrichment analysis and comparison of immune activity among subgroups. GSEA was
adopted to analysis the difference of functions and pathway between high and low risk group. Analysis of single-
sample sequence set enrichment (ssGSEA) was utilized using the “gsva” package®"*2. The enrichment score of
immune cells and immune-related activities in two groups was explored in TCGA-GC and GSE84437 cohort.
Tumor mutation burden (TMB) score for each GC patient in TCGA-GC cohort was calculated via Perl scripts.
Spearman correlation analysis were performed to investigate the correlation of TMB and risk score and the
TMB score in different risk groups was performed and performed. In addition, different expression of immune
checkpoint genes between high- and low-risk score groups was investigated.

Evaluation of the chemotherapy drugs and immunotherapy response. The half inhibitory
concentration (IC50) of chemotherapeutic and targeted therapeutic drugs in different risk groups were cal-
culated by the “pRRophetic” R package®**, then we predicted the drugs sensitivity between two risk groups
to chemotherapy®>~*’. Immunophenoscore (IPS) of the TCGA-GC cohort was downloaded from The Cancer
Immunome Atlas (TCIA; https://tcia.at/home; Table S2). PD1 and CTLA4 were the candidate immune check-
points enrolled for IPS analysis. Groups with higher IPS scores will benefit more from immunotherapy?®. Poten-
tial immunotherapeutic responses were also predicted with Tumor Immune Dysfunction and Exclusion (TIDE,
Table S3) algorithm in the TCGA-GC cohort based on the transcriptome profiles. A low TIDE score represents
a good response towards immunotherapy™.
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Ethics approval and consent to participate. TCGA and GEO belong to public datasets. The patients
involved in the databases have obtained ethical approval. Users can download relevant data for free for research
and publish relevant articles. This manuscript is not a clinical trial; hence, ethics approval and consent to par-
ticipate is not applicable. All the procedures were performed in accordance with the relevant guidelines and
regulations.

Results

The landscape of genetic variation of DENRGs in GC. A total of 48 DENRGs were identified using
“limma” package for further analysis (p<0.05, Fig. 1A). Out of 433 GC samples, 147 (33.95%) were showed
regulatory mutations associated with necroptosis (Fig. 1B) and ATRX (5%) was the highest frequency mutated
gene. As loss or gain of function is commonly achieved through DNA mutation or amplification/deletion, we
considered both somatic mutation and somatic copy number changes in our analysis. We first summarized the
incidence of copy number variations and somatic mutations of 48 DENRGs in GC. The frequency of CNV altera-
tions and found that all 48 DENRGs showed prevalent CNV alterations (Fig. 1C). The rates of amplification or
deletion for most of DENRGs were relatively low. The altered position of CNVs of DENRGs on chromosome
were also scanned and illustrated with visual figure (Fig. 1D). In addition, most of the DENRGs were significant
increase in tumor tissues (Fig. 1E).

To further explore the interactions of these DENRGs, we conducted a PPI analysis, and the PPI network was
shown in Fig. S1A. In addition, the correlation network containing all DENRGs was presented in Fig. S1B. The
network above indicated that there was a very strong correlation among DENRGs. GO-term analysis showed
that DENRGs were associated with necrotic cell death, programmed necrotic cell death, necroptotic process and
apoptotic signaling pathway (Fig. S2A). KEGG pathway analysis displayed that these DENRGs were involved
in multiple tumor-related signaling pathway including necroptosis, apoptosis, TNF signaling pathway, IL-17
signaling pathway, and Toll-like receptor signaling pathway (Fig. S2B).

Identification of necroptosis subtypes in GC. According to Consensus clustering analysis, when the
clustering variable was set to the optimal value (K=2), the intragroup correlations were the highest, and the
intergroup correlations were the lowest, indicating that all GC patients could be classified into two molecular
subtypes (Figs. 2A, S3A and S3B), which were termed as C1 (n=208) and C2 (n=163). The heatmap demon-
strated a significant difference between cluster C1 and C2 in clinical factors including tumor grade and T stage
(Fig. 2B). Result of Kaplan—Meier curve analysis revealed that the patients in C2 cluster had a poorer prognosis
(Fig. 2C). The results above indicated that the necroptosis subtypes classified by consensus clustering analysis do
well in distinguishing prognosis of those GC patients.

Given the clear importance of the TME in tumorigenesis, we further investigated whether the two subtypes
showed differential characteristics of immune microenvironment and the main results presented in Fig. 3A-H.
The abundance of immune infiltrating cells, including resting Dendritic cells, resting Mast cells, T cells regu-
latory (Tregs), Monocytes and M2 macrophages, were found significantly higher in the C2 subtype. And M1
macrophages, T cells follicular helper and activated T cells CD4 memory in C1 subtypes showed greater infil-
tration. These results suggested that the two molecular subtypes associated with necroptosis had distinct TME
infiltration characteristics and prognoses.

Identification of DEGs associated with necroptosis phenotype. To better understand the mecha-
nisms responsible for the prognosis differences in the two above molecular subtypes, we further investigate the
functional and pathway and 1101 DEGs associated with necroptosis phenotypes were identified by the “limma”
package. GO analysis showed an enrichment of GO terms for these DEGs, including extracellular matrix organi-
zation, collagen containing and extracellular matrix binding (Fig. 4A). KEGG pathway analysis for the DEGs
showed that genes involved in immune-related pathways were enriched, including ECM-receptor interaction,
Focal adhesion, and TGF-beta signaling pathway (Fig. 4B). These results reconfirmed a pivotal role of necropto-
sis in regulating the immune microenvironment.

Construction and validation of NRGsig based on necroptosis-related subtypes. Although our
results identify a role of necroptosis molecular subtypes in prognosis and regulation of immune infiltration,
these analyses are based only on patient groups and cannot be used to predict the necroptosis characteristics
in individual GC patients. For this, we next constructed an multigenic prognostic signature associated with
prognosis and response to treatment in each GC patient based on differential genes of molecular subtypes.
We performed univariate Cox regression analysis on all DEGs and resulted in 84 genes as candidate genes (all
P<0.005; Fig. 5A). Most of the candidate genes were risk factors for the prognosis of GC except for MYB and
RNF43. We then subjected the candidate genes to LASSO Cox regression analysis by narrowing the number of
genes for the establishment of the NRGsig (Fig. 5B and C). In total, 11 optimal genes (CYTL1, PLCLI1, CGB5,
ADRA1B, APOD, RGS2, CST6, MATN3, RNF43, SLC7A2 and SERPINE1) were screened (Table 2) and most of
the optimal genes were significant differential expression between the normal tissue and tumor tissue (Fig. S4).
The formula of the risk score was calculated as follow:

Risk score = CYTLlexp. x 0.05351 + PLCLlexp. x 0.06101 + CGB5exp. x 0.1605
+ ADRA1Bexp. x 0.07886 + APODexp. x 0.03166 + RGS2exp. x 0.04199 + CST6exp.
x 0.00119 + MATN3exp. x 0.13379 4+ RNF43exp. x —0.09577 + SLC7A2exp. x 0.07123.
+ SERPINElexp. x 0.12925
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Altered in 147 (33.95%) of 433 samples.
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Figure 1. The landscape of genetic alterations of DENRGs in GC. (A) Heatmap of DENRGs expression
between the normal and tumor samples. Blue represents normal gastric tissue, pink represents tumor tissue;
upregulated genes were defined as red, and downregulated genes as blue. (B) Mutation characteristics of
DENRGs in the TCGA-GC cohort. The TMB is presented in the barplot at the top of the image; the mutation
frequency of each DENRGs is indicated on the barplot right. The barplot on the right represents different
mutation types proportions. (C) CNV variants frequency of the DENRGs in the TCGA-GC cohort. Red:
amplification frequency. Green: loss frequency. The column represented the alteration frequency. (D) The
locations of CNV alteration of DENRGs on 23 chromosomes. (E) Expression of DENRGs between normal
gastric tissue and tumor tissue. Blue: normal gastric tissue. Red: tumor tissue. DENRGs, differentially expressed

necroptosis-related genes. (*p <0.05; **p <0.01; ***p <0.001).
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Figure 2. Tumor molecular subtypes related by differentially expressed necroptosis-related genes.

(A) Consensus clustering of GC patients for k=2 in the meta-cohort (TCGA-GC and GSE84437). (B)
Unsupervised clustering heatmap of top 100 DEGs in GC. Clusters, age, gender, grade and stage were used

as patient annotations. Red represents high DEGs expression and blue low DEGs expression. *p <0.05;
**p<0.01; **p<0.001. (C) Kaplan-Meier curves (Log-rank test, P=0.004) for OS of two necroptosis-related
molecular subtypes. Blue line represents cluster C1 (n=208), yellow line represents cluster C2 (n=163). DEGs,
differentially expressed genes between various molecular subtypes; OS, overall survival.

All GC patients were divided into high- and low-risk score group according to the median risk score value.
Next, we investigated whether the prognostic signature could distinguish different risk groups of patients clearly.
A clearly discernable dimensions between the two risk groups of patients was observed according to the results
of PCA and t-SNE analysis (Fig. 6A and B). Kaplan-Meier curves analysis revealed high-risk group patients had
a worse prognosis. (Fig. 6C). The time-dependent ROC curves were performed to evaluate the prediction per-
formance of the NRGsig and the areas under the curve for 5-year was 0.743 in the TCGA-GC cohort (Fig. 6D).
Results above demonstrated NRGsig’s advantage as robust tool for prognosis.

Validation of the NRGsig. We externally validated the NRGsig using the GSE84437 dataset, an independ-
ent validation dataset, and found a similar prediction performance. Patients were then classified as being high
or low risk according to the calculated NRGsig risk score. A clearly two directions between the two risk groups
of patients was also observed according to the results of PCA and t-SNE analysis (Fig. 7A and B). Kaplan-Meier
curves analysis indicated high-risk group patients had a worse outcome (Fig. 7C). This independent validation
dataset yielded a prediction performance AUC of 0.623 at 5-year (Fig. 7D). As a whole, these results showed a
satisfactory prediction performance of the NRGsig in external data.

Independent prognostic value of the NRGsig. The independence of NRGsig were evaluated by uni-
variate and multivariate Cox regression analysis and the result revealed the NRGsig was an independent prog-
nostic factor of GC (Fig. 8A and B). Above analysis were repeated in the GSE84437 cohort and similar results
were observed (Fig. 8C and D). Furthermore, the clinical features in the different risk groups for TCGA-GC
cohort we depicted as a heatmap (Fig. 8E). To verify the clinical implications of our NRGsig risk score, we exam-
ined the correlation of the risk score with the available clinical features in TCGA-GC cohort. The Kaplan-Meier
curves indicated that risk score remained its independent predictive performance regardless of other clinical
features, including age (<60 or > 60 years), sex (female or male), grade (G1-2 and G3), T-stage (T3-4), N-stage
(NO and N1-3), and M-stage (MO) (Fig. S5A-L). Survival analysis demonstrated that these 11 optimal genes
were all correlation with the OS of GC patients (Fig. S6A-K). All the results above illustrated that NRGsig was a
satisfactory and reliable prognostic tool and could be as an independent risk factor for GC.
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Figure 3. TME immune cell infiltration levels between two molecular subtypes. The abundance of Monocytes
(A), resting Mast cells (B), M2 macrophages (C), M1 macrophages (D), resting Dendritic cells (E), T cells
regulatory (Tregs) (F), T cells follicular helper (G) and activated T cells CD4 memory (H) between the two
subtypes (all p <0.05). Blue represents cluster C1, red represents cluster C2. The median value is represented

as the thick line, and the interquartile range is represented as the box bottom and top. Scattered dots represent
outliers.

Gene set enrichment analysis.  After categorizing cases of TCGA-GC cohort into two risk score groups
by the median risk score value, we further performed GSEA analysis towards them. The results of GSEA sug-
gested that the KEGG_COMPLEMENT_AND_COAGULATION_CASCADES, KEGG_ECM_RECEPTOR_
INTERACTION, KEGG_FOCAL_ADHESION, KEGG_HYPERTROPHIC_CARDIOMYOPATHY_HCM, and
KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION were the top five most enriched pathways
in the high-risk group, while the KEGG_CELL_CYCLE, KEGG_DNA_REPLICATION, KEGG_BASE_ EXCI-
SION_REPAIR, KEGG_RIBOSOME, and KEGG_SPLICEOSOME pathways were most enriched in the low-risk
group (Figs. S7A and B).

Construction of the nomogram and comparison of the prognostic signature.  To make the prog-
nosis tool more convenient and quantitative, we integrated risk score with other clinical features including Age
and TNM stage to establish a nomogram followed by a series of performance testing (Fig. 9A). The net benefit
of nomogram was better than other clinical factors, a clinical value was observed as our expectations (Fig. 9B).
The ROC curve analysis revealed that nomogram had an advantage over other single predictors. In addition, an
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Figure 4. Functional enrichment analysis of the DEGs. (A) Top 10 enriched GO terms of the DEGs (B) Top 10
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process, CC cellular component, MF molecular function. (all adjusted p <0.05).

excellent consistency with ideal model could be observed in the subsequent calibration plot of nomogram for
OS predicting (Fig. 9C and D). Furthermore, to evaluate the prediction performance of the NRGsig for clinical
applications in the TCGA-GC cohort, we compared our prognostic signature with other GC signatures reported
in 2020 (Dai signature, Guan signature, Liu signature and Shao signature, respectively). We adopted similar
risk score-estimated method described above towards these four signatures to generate risk score for samples
from TCGA-GC cohort. The time-independent ROC curves illustrated that Liu signature, Shao signature and
Guan signature exhibited lower AUC values for 1-, 3- and 5-year survival rates than NRGsig. The Dai signature
presented similar AUC values with our signature (Fig. S8A-E). Similar to our signature, these four signatures
could also predict the OS of GC patients except for Liu signature and shao signature (Fig. S8G-J). Moreover, the
C-index of the NRGsig was the higher than other four signatures (Fig. S8K). NRGsig evidenced its advantage in
long-term survival predicting and risk stratification compared with other four prognostic signatures.

Comparison of the immune activity between subgroups. 1In line with our aim to increase the
response to immunotherapy, we investigated the potential correlates between immune infiltration of tumors
and NRGsig risk score. After calculating the infiltrating score of 16 immune cells and 13 immune-related path-
ways by using ssGSEA, we observed significantly increased antigen presenting function including aDCs, DCs
and APC co-stimulation score in the high-risk group, while the activity of APC co-inhibition and MHC class I
showed the opposite variation (all adjusted P<0.05). Besides, contents of Treg cells, TIL cells and T helper cells
were relatively higher in high-risk group, while the activity of Th2 cells had exactly the reverse results. Those
results suggested significant difference in T cell regulation between the two subgroups. Moreover, CCR, mast
cells, B cells, macrophages, neutrophils, parainflammation, type I IFN response and type II IFN response were
observed to have increasing activities in samples from high-risk group (Fig. 10A and B). Similar observational
results existed for in the GSE84437 cohort (Fig. 10C and D). Taken together, the findings of this study demon-
strated that different risk groups have different immune landscape, which affected the prognosis of GC patients.

Explorations of clinical applications for NRGsig. We next explored potential expression changes of
immune checkpoints between high- and low-risk groups. Results showed clear differences between the two
patient groups, such as BTLA, CD86, CD200, CD27, and other immune checkpoints (Fig. S9). These results
highlighted NRGsig as a therapeutic potential for combination strategies with immune checkpoint blockade
(ICB) therapy in GC patients. Beyond ICB therapy, we also investigated sensitivity of chemotherapeutic and
targeted therapeutics agents between high- and low-risk score groups in TCGA-GC cohort. Results indicated
that IC50 toward eleven chemotherapeutics including A.770041, AS601245, AZ628, Axitinib, Luminespib, Navi-
toclax, Motesanib, Ponatinib, Rucaparib and Saracatinib, of samples in low-risk group were higher than those of
high-risk group except for Veliparib (P <0.05), suggesting that samples in low-risk group were more responsive
to those medicine (Fig. 11A-K). As mentioned already, GSEA analysis revealed that a drug-resistant pathway
like KEGG_BASE_EXCISION REPAIR was highly enriched in the low-risk score group, which could partially
explain the above results. Drugs sensitivity analysis suggested that high-risk score patients might be more suit-
able for chemotherapy better response to chemotherapy.

Evidence is growing that high TMB is a feature associated with response to immunotherapy in a variety of
tumors, and high TMB levels lead to an increase in tumor neoantigens, which may trigger the immune system
to attack the tumor?®*. Thus, we assessed the correlation of risk score with TMB in the TCGA-GC cohort. A
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Figure 5. The development of NRGsig in the TCGA-GC cohort. (A) The prognostic-related genes determined
by univariate Cox-regression analysis. Red represents risk genes; green represents protective genes. (B) LASSO
regression of prognostic-related genes. (C) Cross-validation for tuning the parameter selection.

Gene Coefficient | Type
CYTL1 0.05351 Up regulated
PLCL1 0.06101 Up regulated
CGB5 0.16050 Up regulated
ADRA1B 0.07886 Up regulated
APOD 0.03166 Up regulated
RGS2 0.04199 Up regulated
CSTé6 0.00119 Up regulated
MATN3 0.13379 Up regulated
RNF43 -0.09577 Down regulated
SLC7A2 0.07123 Up regulated
SERPINE1 0.12925 Up regulated

Table 2. Correlation coeflicients of 11 optimal genes in necroptosis-related prognostic signature.
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Figure 6. Prognosis value of necroptosis-related prognostic signature in the TCGA-GC cohort. (A) Principal
component analysis plot. (B) T-distributed neighbor embedding plot. (C) Kaplan-Meier curves (Log-rank test,
P<0.001) for OS of high- and low-risk groups. (D) The AUC of the prediction of 1, 3, 5-year survival rate of GC.
OS, overall survival.

negative relationship was observed between them, and the TMB score of the two risk groups were evaluated and
significant disparity could be observed. The results illustrated that low-risk group patients had a significantly
higher TMB than high-risk group (Fig. 12A). The combination of high TMB and low-risk score had the best OS
in GC by Kaplan-Meier curves (Fig. 12B).

Furthermore, we explored the potential of risk score as predictor for immunotherapy response. We applied
two mature algorithms, including IPS and TIDE, to predict the response of GC samples with different risk
score to immunotherapy. The result evidenced that the IPS value for CTLA4 or PD1 therapy response was more
sensitive in the low-risk group and suggested that the NRGsig has high potentiality for predicting CTLA4 and
PD1 blockade therapy (Fig. 12C-E). On the other hand, the TIDE score was higher in the low-risk group and
was also positively correlated with risk score, which indicated the lower risk score might benefit more from
immunotherapy (Fig. 12F and G). Two distinct algorithms drew consistent results. The results above implied
that NRGsig may effectively help predict the response to immunotherapy.

Discussion
GC seriously threatens the health and life of Chinese people, with high morbidity, low early diagnosis rate and
low survival rate*2. Therefore, there is an urgent need to select specific relevant biomarkers for risk assessment
to predict the prognosis of GC patients and facilitate the development of effective therapies for GC. Cell death
is prevalent within tumors and has been proposed as a route for effective anti-cancer approach. Necroptosis
is another common programmed cell death mode that activates and enhances antitumor immunity in cancer
therapy, thus becoming a potentially practical cancer therapy****. However, few necroptosis-related prognostic
signature have been developed for predicting personalized survival. Discovery of novel necroptosis-related
prognostic signatures may provide important prognostic information and therapeutic targets for GC patients.
In this study, we first comprehensively evaluated the expression profile and genetic variation landscape of
necroptosis-related genes in TCGA-GC patients. We found that 48 of 67 necroptosis genes were differentially
expressed in cancer and normal tissues. At the genetic level, 147 of 433 patients were found to have undergone
mutations with mutation frequencies ranging from 1 to 5%, with ATRX having the highest mutation of all
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Figure 7. Validation of the necroptosis-related prognostic signature in the GSE84437 cohort. (A) Principal
component analysis plot. (B) T-distributed neighbor embedding plot. (C) Kaplan-Meier curves (Log-rank test,
P=0.005) for OS of high- and low-risk groups. (D) The AUC of the prediction of 1, 3, 5-year survival rate of GC.
OS, overall survival.

necroptosis regulators. Next, we classified the GC patients in the meta-cohort according to the expression of
DENRGs. The cluster C1 had a better survival advantage compared to the cluster C2. We also found that the
levels of immune cell infiltration in the cluster C2, especially immune-suppressive cells (Tregs, Macrophages M2),
were significantly higher than in the cluster C1, while the cluster C1 showed the opposite phenomenon with the
immune-active cells (Tth, activated T cell CD4 memory and Macrophages M1). In other words, the high expres-
sion of DENRGs in GC increased the high risk of tumor formation and led to the emergence of “cold tumors™**
(cluster C2), forming an immunosuppressive TME, weakening efficacy of cancer immunotherapy, causing poor
clinical outcome. Our findings showed that the two necroptosis subtypes have distinct clinical prognostic out-
comes and TME infiltration characteristics. Functional enrichment analysis revealed that DEGs mainly exerted
immune-related functions and participated in tumor-related pathways, including extracellular matrix organiza-
tion, extracellular matrix binding, ECM-receptor interaction, focal adhesion and TGF-beta signaling pathway.

To accurately predict the prognosis of individual GC patients, we constructed a prognostic gene signature
based on these phenotype-related differential genes, which was named NRGsig. The Kaplan-Meier curve sug-
gested that high-risk score patients tend to have worse outcomes. The PCA and t-SNE analysis demonstrated
that the GC patients in the different risk groups were distributed in two directions. The time-dependent ROC
curve demonstrated the NRGsig’s had a good predictive potential. Furthermore, in univariate and multivariate
Cox regression analysis, risk score was found to be an independent factor affecting the prognosis of GC patients.
We identified differences in immune cell-related pathways by ssGSEA, which revealed that patients in two risk
groups had different abundance of tumor-infiltrating immune cells and enriched immune-related pathway. The
results above were reconfirmed by the independent GSE84437 cohort.

The AJCC TNM staging system, which known as the global standard for most cancer staging including
GC, were generally used for assessment of tumor progression and prognosis prediction in clinical. It should be
noted that patients with the same cancer stage often have disparate clinical course and varied clinical outcome.
Recently, efforts have been made to assist and improve the AJCC staging system by integrating other additional
characteristics*~*®. There is urgent need for a clinical prognosis tool that is not only reliable and accurate but also
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Figure 8. Independent prognosis analysis. (A, B) Univariate Cox regression analysis in the TCGA-GC
cohort. (C, D) Multivariate Cox regression analysis in the GSE84437 cohort. (E) Heatmap depicting the
clinicopathological characteristics and optimal genes expression between the high- and low-risk groups. Risk,
age, gender, grade and stage were used as patient annotations. Red represents high expression and blue low
expression. *p<0.05; **p<0.01; **p<0.001.

practical and intuitive and it gives rise to nomogram, an mathematical scoring system*’. By consider together
several independent prognostic factors, nomogram works out robust predicting results of clinical outcome,
including death or disease recurrence®. Therefore, we conducted a nomogram that could be used as a novel
tool to quantify the prognosis of GC patients by combining risk score with other clinical variables and can aid
in individualized therapy. The ROC curve, calibration plot and DCA curve all showed that the nomogram was
a good prognostic tool. Results of the signature comparison analysis suggested that our signature has more
advantages than other signatures.

In addition, we determined the drug sensitivity of different anticancer drugs in the treatment of patients with
GC in distinct risk score groups. Based on IC50 values, Axitinib, Luminespib, Navitoclax, Motesanib, Ponatinib,
Rucaparib and Saracatinib showed better responses in the high-risk score group. Screening chemotherapeutic
drugs based on the molecular subtype of GC patients may allow more patients to benefit from individualized
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Figure 10. ssGSEA scores in the high- and low-risk group in the TCGA-GC and GSE84437 cohort. (A, B)
TCGA cohort, (C, D) GSE84437 cohort. The scores of 16 immune cells (A, C) and 13 immune-related functions
(B, D) are displayed in boxplots.

therapies. The above results indicated that NRGsig might be useful for guiding individualized treatments for GC
patients. This preliminary result prompted us seek the relationship between the risk score and immunotherapy.

Targeted ICB therapy has been considered to be a promising way to treat cancer for some years®'. However,
only a minority of patients are sensitive to immune checkpoint inhibitors®***. Currently, TMB serve as robust
predictors of ICB treatment response in many malignancies, with high TMB generally reflecting better immu-
notherapy efficacy®**. Our study revealed that the TMB score was different between two risk groups and signifi-
cantly negatively correlated with risk score, indicating that the risk score might reflect the GC patients’s response
to immunotherapy to some extent. Previous studies have demonstrated that immune checkpoints can facilitate
tumor cells to evade immune responses of the body®**’. We found that 22 of the 28 differentially expressed
immune checkpoint genes were high expression in the high-risk score group. These results suggest that tumor
cells in the high-risk score group evade immune attack by expressing immune checkpoint molecules, which
in turn induce the formation of immunosuppressive microenvironment. This may partially explain potential
reasons for bad prognosis in the high-risk score group patients. Therefore, the NRGsig may be used to predict
immunotherapy response in GC. To further reconfirmed the response of GC samples with different risk score
to immunotherapy, we applied two mature algorithms, including IPS and TIDE. IPS analysis and TIDE analysis
were two methods most frequently applied in bioinformatic studies
results that NRGsig might serve as an effective predictor for immunotherapy. Thus, a prognostic signature based
on necroptosis may provide new insights into the prediction of immunotherapy outcome in GC.

However, we also recognize that there are two limitations to our study that cannot be ignored. First, the
proposed prognostic signature in the present study was established and validated using retrospective data from
public databases. Future prospective studies are required to verify its clinical utility; second, our research relies
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Figure 11. Drugs sensitivity analysis in patients from different risk score groups. The sensitivity to
chemotherapeutic drugs was represented by the half-maximal inhibitory concentration (IC50) of
chemotherapeutic drugs. (A-K) Comparisons of IC50 for chemotherapeutics drugs between two subgroups
revealed that the high-risk group was more likely to benefit from the treatments (Kruskal-Wallis test, all

p<0.01).
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PD-1 positive; (D) IPS score when CTLA4 positive; (E) IPS score when both PD-1 and CTLA4 positives. TMB,
tumor mutation burden; IPS, Immunophenscore. (F) TIDE score differences between the high- and low-risk
score groups and the scatter plot depicted a positive correlation between risk score and TIDE and lower risk
score may be more likely to benefit from the immunotherapy (Spearman text, p <0.001).
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heavily on computational analysis, additional vivo and vitro experiments are important to verify these results
above in the future.

Conclusion

In summary, our study has established an accurate and effective prognostic signature to predict survival and
immunotherapy response for GC patients. Moreover, we also established a novel nomogram which integrated
the risk score and other clinical features and could help to develop individualized treatment plans based on the
survival rates of individual patients.

Data availability
The raw data of this study are derived from the TCGA (https:// portal.gdc.cancer.gov/) and GEO (https://www.
ncbi.nlm.nih.gov/geo/), which are publicly available databases.

Received: 19 January 2022; Accepted: 30 June 2022
Published online: 02 August 2022

References

1. Siegel, R. L., Miller, K. D., Fuchs, H. E. & Jemal, A. Cancer statistics. CA Cancer J. Clin. 72, 7-33. https://doi.org/10.3322/caac.
21708 (2022).

2. Yu, J. et al. ZiYinHuaTan recipe inhibits cell proliferation and promotes apoptosis in gastric cancer by suppressing PI3K/AKT
pathway. Biomed. Res. Int. https://doi.org/10.1155/2020/2018162 (2020).

3. Hironaka, S. Anti-angiogenic therapies for gastric cancer. Asia Pac. J. Clin. Oncol. 15, 208-217. https://doi.org/10.1111/ajco.13174
(2019).

4. Ajani, J. A. et al. Gastric cancer, version 3.2016, NCCN clinical practice guidelines in oncology. J. Natl. Compr. Cancer Netw.:
JNCCN 14, 1286-1312. https://doi.org/10.6004/jnccn.2016.0137 (2016).

5. Degterev, A. et al. Chemical inhibitor of nonapoptotic cell death with therapeutic potential for ischemic brain injury. Nat. Chem.
Biol. 1,112-119. https://doi.org/10.1038/nchembio711 (2005).

6. Seo, J. et al. Beclin 1 functions as a negative modulator of MLKL oligomerisation by integrating into the necrosome complex. Cell
Death Differ. 27, 3065-3081. https://doi.org/10.1038/s41418-020-0561-9 (2020).

7. Horita, H., Frankel, A. E. & Thorburn, A. Acute myeloid leukemia-targeted toxin activates both apoptotic and necroptotic death
mechanisms. PLoS ONE 3, €3909. https://doi.org/10.1371/journal.pone.0003909 (2008).

8. Bonapace, L. et al. Induction of autophagy-dependent necroptosis is required for childhood acute lymphoblastic leukemia cells
to overcome glucocorticoid resistance. J. Clin. Invest. 120, 1310-1323. https://doi.org/10.1172/jci39987 (2010).

9. Mantel, E. et al. Combination of ionising irradiation and hyperthermia activates programmed apoptotic and necrotic cell death
pathways in human colorectal carcinoma cells. Strahlentherapie und Onkologie: Organ der Deutschen Rontgengesellschaft. 186,
587-599. https://doi.org/10.1007/s00066-010-2154-x (2010).

10. Zhang, H., Zhong, C., Shi, L., Guo, Y. & Fan, Z. Granulysin induces cathepsin B release from lysosomes of target tumor cells to
attack mitochondria through processing of bid leading to Necroptosis. J. Immunol. (Baltimore, Md. 1950) 182, 6993-7000. https://
doi.org/10.4049/jimmunol.0802502 (2009).

11. Han, W. et al. Shikonin circumvents cancer drug resistance by induction of a necroptotic death. Mol. Cancer Ther. 6, 1641-1649.
https://doi.org/10.1158/1535-7163.Mct-06-0511 (2007).

12. Zhao, Z. et al. Necroptosis-related IncRNAs: Predicting prognosis and the distinction between the cold and hot tumors in gastric
cancer. J. Oncol. 2021, 6718443, https://doi.org/10.1155/2021/6718443 (2021).

13. Karki, R. & Kanneganti, T. D. Diverging inflammasome signals in tumorigenesis and potential targeting. Nat. Rev. Cancer 19,
197-214. https://doi.org/10.1038/541568-019-0123-y (2019).

14. Wang, B. & Yin, Q. AIM2 inflammasome activation and regulation: A structural perspective. J. Struct. Biol. 200, 279-282. https://
doi.org/10.1016/j.jsb.2017.08.001 (2017).

15. Man, S. M. & Kanneganti, T. D. Regulation of inflammasome activation. Immunol. Rev. 265, 6-21. https://doi.org/10.1111/imr.
12296 (2015).

16. Kanehisa, M., Furumichi, M., Sato, Y., Ishiguro-Watanabe, M. & Tanabe, M. KEGG: Integrating viruses and cellular organisms.
Nucl. Acids Res. 49, D545-d551. https://doi.org/10.1093/nar/gkaa970 (2021).

17. Kanehisa, M. Toward understanding the origin and evolution of cellular organisms. Protein Sci. : A Publ. Protein Soc. 28, 1947-1951.
https://doi.org/10.1002/pro.3715 (2019).

18. Kanehisa, M. & Goto, S. KEGG: Kyoto encyclopedia of genes and genomes. Nucl. Acids Res. 28, 27-30. https://doi.org/10.1093/
nar/28.1.27 (2000).

19. Wilkerson, M. D. & Hayes, D. N. ConsensusClusterPlus: A class discovery tool with confidence assessments and item tracking.
Bioinformatics (Oxford, England) 26, 1572-1573. https://doi.org/10.1093/bioinformatics/btq170 (2010).

20. Huang, Y. et al. Identification of early recurrence factors in childhood and adolescent B-cell acute lymphoblastic leukemia based
on integrated bioinformatics analysis. Front. Oncol. 10, 565455. https://doi.org/10.3389/fonc.2020.565455 (2020).

21. Yu, G, Wang, L. G., Han, Y. & He, Q. Y. clusterProfiler: An R package for comparing biological themes among gene clusters. OMICS
16, 284-287. https://doi.org/10.1089/0mi.2011.0118 (2012).

22. Gao, J., Kwan, P. W. & Shi, D. Sparse kernel learning with LASSO and Bayesian inference algorithm. Neural Netw.: The Off. J. Int.
Neural Netw. Soc. 23, 257-264. https://doi.org/10.1016/j.neunet.2009.07.001 (2010).

23. Simon, N., Friedman, J., Hastie, T. & Tibshirani, R. Regularization paths for Cox’s proportional hazards model via coordinate
descent. J. Stat. Softw. 39, 1-13. https://doi.org/10.18637/jss.v039.i05 (2011).

24. Tibshirani, R. The lasso method for variable selection in the Cox model. Stat. Med. 16, 385-395. https://doi.org/10.1002/(sici)
1097-0258(19970228)16:4%3c¢385::aid-sim380%3e3.0.c0;2-3 (1997).

25. Xu, X,, Xie, Z., Yang, Z., Li, D. & Xu, X. A t-SNE based classification approach to compositional microbiome data. Front. Genet.
11, 620143. https://doi.org/10.3389/fgene.2020.620143 (2020).

26. Vickers, A. ]., Cronin, A. M., Elkin, E. B. & Gonen, M. Extensions to decision curve analysis, a novel method for evaluating diagnos-
tic tests, prediction models and molecular markers. BMC Med. Inform. Decis. Mak. 8, 53. https://doi.org/10.1186/1472-6947-8-53
(2008).

27. Dai, W. et al. Identification of an EMT-related gene signature for predicting overall survival in gastric cancer. Front. Genet. 12,
661306. https://doi.org/10.3389/fgene.2021.661306 (2021).

28. Guan, X, Xu, Z. Y,, Chen, R,, Qin, J. J. & Cheng, X. D. Identification of an immune gene-associated prognostic signature and its
association with a poor prognosis in gastric cancer patients. Front. Oncol. 10, 629909. https://doi.org/10.3389/fonc.2020.629909
(2020).

Scientific Reports |

(2022) 12:13290 | https://doi.org/10.1038/s41598-022-15854-8 nature portfolio


https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://doi.org/10.3322/caac.21708
https://doi.org/10.3322/caac.21708
https://doi.org/10.1155/2020/2018162
https://doi.org/10.1111/ajco.13174
https://doi.org/10.6004/jnccn.2016.0137
https://doi.org/10.1038/nchembio711
https://doi.org/10.1038/s41418-020-0561-9
https://doi.org/10.1371/journal.pone.0003909
https://doi.org/10.1172/jci39987
https://doi.org/10.1007/s00066-010-2154-x
https://doi.org/10.4049/jimmunol.0802502
https://doi.org/10.4049/jimmunol.0802502
https://doi.org/10.1158/1535-7163.Mct-06-0511
https://doi.org/10.1155/2021/6718443
https://doi.org/10.1038/s41568-019-0123-y
https://doi.org/10.1016/j.jsb.2017.08.001
https://doi.org/10.1016/j.jsb.2017.08.001
https://doi.org/10.1111/imr.12296
https://doi.org/10.1111/imr.12296
https://doi.org/10.1093/nar/gkaa970
https://doi.org/10.1002/pro.3715
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/nar/28.1.27
https://doi.org/10.1093/bioinformatics/btq170
https://doi.org/10.3389/fonc.2020.565455
https://doi.org/10.1089/omi.2011.0118
https://doi.org/10.1016/j.neunet.2009.07.001
https://doi.org/10.18637/jss.v039.i05
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3c385::aid-sim380%3e3.0.co;2-3
https://doi.org/10.1002/(sici)1097-0258(19970228)16:4%3c385::aid-sim380%3e3.0.co;2-3
https://doi.org/10.3389/fgene.2020.620143
https://doi.org/10.1186/1472-6947-8-53
https://doi.org/10.3389/fgene.2021.661306
https://doi.org/10.3389/fonc.2020.629909

www.nature.com/scientificreports/

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

60.

61.

62.

Liu, E et al. A tumor progression related 7-gene signature indicates prognosis and tumor immune characteristics of gastric cancer.
Front. Oncol. 11, 690129. https://doi.org/10.3389/fonc.2021.690129 (2021).

Shao, W. et al. The pyroptosis-related signature predicts prognosis and indicates immune microenvironment infiltration in gastric
cancer. Front. cell Dev. Biol. 9, 676485. https://doi.org/10.3389/fcell.2021.676485 (2021).

Mootha, V. K. et al. PGC-1alpha-responsive genes involved in oxidative phosphorylation are coordinately downregulated in human
diabetes. Nat. Genet. 34, 267-273. https://doi.org/10.1038/ng1180 (2003).

Subramanian, A. et al. Gene set enrichment analysis: A knowledge-based approach for interpreting genome-wide expression
profiles. Proc. Natl. Acad. Sci. U.S.A. 102, 15545-15550. https://doi.org/10.1073/pnas.0506580102 (2005).

Liu, Z., Xu, H., Weng, S., Ren, Y. & Han, X. Stemness refines the classification of colorectal cancer with stratified prognosis, multi-
omics landscape, potential mechanisms, and treatment options. Front. Immunol. 13, 828330. https://doi.org/10.3389/fimmu.2022.
828330 (2022).

Liu, Z. et al. Comprehensive molecular analyses of a novel mutational signature classification system with regard to prognosis,
genomic alterations, and immune landscape in glioma. Front. Mol. Biosci. 8, 682084. https://doi.org/10.3389/fmolb.2021.682084
(2021).

Geeleher, P,, Cox, N. & Huang, R. S. pRRophetic: An R package for prediction of clinical chemotherapeutic response from tumor
gene expression levels. PLoS ONE 9, €107468. https://doi.org/10.1371/journal.pone.0107468 (2014).

Zeng, H., Huang, Y., Chen, L., Li, H. & Ma, X. Exploration and validation of the effects of robust co-expressed immune-related
genes on immune infiltration patterns and prognosis in laryngeal cancer. Int Immunopharmacol 85, 106622. https://doi.org/10.
1016/j.intimp.2020.106622 (2020).

Lu, J. L. et al. Toll-like receptor 4 as a favorable prognostic marker in bladder cancer: A multi-omics analysis. Front. Cell Dev. Biol.
9, 651560. https://doi.org/10.3389/fcell.2021.651560 (2021).

Galon, J. et al. Type, density, and location of immune cells within human colorectal tumors predict clinical outcome. Science (New
York, N.Y.) 313, 1960-1964. https://doi.org/10.1126/science.1129139 (2006).

Jiang, P. et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat. Med. 24, 1550-1558.
https://doi.org/10.1038/s41591-018-0136-1 (2018).

Wang, E et al. Safety, efficacy and tumor mutational burden as a biomarker of overall survival benefit in chemo-refractory gastric
cancer treated with toripalimab, a PD-1 antibody in phase Ib/II clinical trial NCT02915432. Ann. Oncol. 30, 1479-1486. https://
doi.org/10.1093/annonc/mdz197 (2019).

Tang, R. et al. Role of tumor mutation burden-related signatures in the prognosis and immune microenvironment of pancreatic
ductal adenocarcinoma. Cancer Cell. Int. 21, 196. https://doi.org/10.1186/s12935-021-01900-4 (2021).

Ferlay, J. et al. Cancer incidence and mortality worldwide: Sources, methods and major patterns in GLOBOCAN 2012. Int. J.
Cancer 136, E359-386. https://doi.org/10.1002/ijc.29210 (2015).

Erkes, D. A. et al. Mutant BRAF and MEK inhibitors regulate the tumor immune microenvironment via pyroptosis. Cancer Discov.
10, 254-269. https://doi.org/10.1158/2159-8290.Cd-19-0672 (2020).

Hou, J. et al. Author Correction: PD-L1-mediated gasdermin C expression switches apoptosis to pyroptosis in cancer cells and
facilitates tumour necrosis. Nat. Cell Biol. 22, 1396. https://doi.org/10.1038/s41556-020-00599-1 (2020).

Galon, J. & Bruni, D. Approaches to treat immune hot, altered and cold tumours with combination immunotherapies. Nat. Rev.
Drug Discov. 18, 197-218. https://doi.org/10.1038/s41573-018-0007-y (2019).

Liang, W. Q. et al. Nomogram to predict prolonged postoperative ileus after gastrectomy in gastric cancer. World J. Gastroenterol.
25, 5838-5849. https://doi.org/10.3748/wjg.v25.i38.5838 (2019).

He, Y. et al. Development and validation of a prognostic nomogram in gastric cancer with hepatitis B virus infection. J. Transl.
Med. 17, 98. https://doi.org/10.1186/s12967-019-1841-3 (2019).

Liao, E, Guo, X, Lu, X. & Dong, W. A validated survival nomogram for early-onset diffuse gastric cancer. Aging 12, 13160-13171.
https://doi.org/10.18632/aging.103406 (2020).

Balachandran, V. P, Gonen, M., Smith, J. ]. & DeMatteo, R. P. Nomograms in oncology: More than meets the eye. Lancet Oncol.
16, e173-180. https://doi.org/10.1016/s1470-2045(14)71116-7 (2015).

Tasonos, A., Schrag, D., Raj, G. V. & Panageas, K. S. How to build and interpret a nomogram for cancer prognosis. J. Clin. Oncol.
26, 1364-1370. https://doi.org/10.1200/jc0.2007.12.9791 (2008).

Takei, S., Kawazoe, A. & Shitara, K. The new era of immunotherapy in gastric cancer. Cancers (Basel) https://doi.org/10.3390/cance
1s14041054 (2022).

Pitt, J. M. et al. Resistance mechanisms to immune-checkpoint blockade in cancer: Tumor-intrinsic and -extrinsic factors. Immunity
44, 1255-1269. https://doi.org/10.1016/j.immuni.2016.06.001 (2016).

Zhao, X. & Subramanian, S. Intrinsic resistance of solid tumors to immune checkpoint blockade therapy. Can. Res. 77, 817-822.
https://doi.org/10.1158/0008-5472.Can-16-2379 (2017).

Chan, T. A. et al. Development of tumor mutation burden as an immunotherapy biomarker: Utility for the oncology clinic. Ann.
Oncol. 30, 44-56. https://doi.org/10.1093/annonc/mdy495 (2019).

Lapke, N. et al. Genetic alterations and their therapeutic implications in epithelial ovarian cancer. BMC Cancer 21, 499. https://
doi.org/10.1186/s12885-021-08233-5 (2021).

Schreiber, R. D., Old, L. J. & Smyth, M. J. Cancer immunoediting: Integrating immunity’s roles in cancer suppression and promo-
tion. Science (New York, N.Y.) 331, 1565-1570. https://doi.org/10.1126/science.1203486 (2011).

Noguchi, T. et al. Temporally distinct PD-L1 expression by tumor and host cells contributes to immune escape. Cancer Immunol.
Res. 5,106-117. https://doi.org/10.1158/2326-6066.Cir-16-0391 (2017).

Wu, J. et al. A risk model developed based on tumor microenvironment predicts overall survival and associates with tumor immu-
nity of patients with lung adenocarcinoma. Oncogene 40, 4413-4424. https://doi.org/10.1038/s41388-021-01853-y (2021).

Xu, R. et al. Identification of prognostic markers for hepatocellular carcinoma based on the epithelial-mesenchymal transition-
related gene BIRC5. BMC Cancer 21, 687. https://doi.org/10.1186/512885-021-08390-7 (2021).

Xu, Y., Wang, Z. & Li, F. Survival prediction and response to immune checkpoint inhibitors: A prognostic immune signature for
hepatocellular carcinoma. Transl. Oncol. 14, 100957. https://doi.org/10.1016/j.tranon.2020.100957 (2021).

Zhao, Z. et al. Combination of tumor mutation burden and immune infiltrates for the prognosis of lung adenocarcinoma. Int.
Immunopharmacol. 98, 107807. https://doi.org/10.1016/j.intimp.2021.107807 (2021).

Zuo, Z. et al. Exploration of a Robust and prognostic immune related gene signature for cervical squamous cell carcinoma. Front.
Mol. Biosci. 8, 625470. https://doi.org/10.3389/fmolb.2021.625470 (2021).

Acknowledgements
The authors acknowledge TCGA and GEO database for providing the platform for uploading the meaningful
datasets.

Scientific Reports |

(2022) 12:13290 | https://doi.org/10.1038/s41598-022-15854-8 nature portfolio


https://doi.org/10.3389/fonc.2021.690129
https://doi.org/10.3389/fcell.2021.676485
https://doi.org/10.1038/ng1180
https://doi.org/10.1073/pnas.0506580102
https://doi.org/10.3389/fimmu.2022.828330
https://doi.org/10.3389/fimmu.2022.828330
https://doi.org/10.3389/fmolb.2021.682084
https://doi.org/10.1371/journal.pone.0107468
https://doi.org/10.1016/j.intimp.2020.106622
https://doi.org/10.1016/j.intimp.2020.106622
https://doi.org/10.3389/fcell.2021.651560
https://doi.org/10.1126/science.1129139
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1093/annonc/mdz197
https://doi.org/10.1093/annonc/mdz197
https://doi.org/10.1186/s12935-021-01900-4
https://doi.org/10.1002/ijc.29210
https://doi.org/10.1158/2159-8290.Cd-19-0672
https://doi.org/10.1038/s41556-020-00599-1
https://doi.org/10.1038/s41573-018-0007-y
https://doi.org/10.3748/wjg.v25.i38.5838
https://doi.org/10.1186/s12967-019-1841-3
https://doi.org/10.18632/aging.103406
https://doi.org/10.1016/s1470-2045(14)71116-7
https://doi.org/10.1200/jco.2007.12.9791
https://doi.org/10.3390/cancers14041054
https://doi.org/10.3390/cancers14041054
https://doi.org/10.1016/j.immuni.2016.06.001
https://doi.org/10.1158/0008-5472.Can-16-2379
https://doi.org/10.1093/annonc/mdy495
https://doi.org/10.1186/s12885-021-08233-5
https://doi.org/10.1186/s12885-021-08233-5
https://doi.org/10.1126/science.1203486
https://doi.org/10.1158/2326-6066.Cir-16-0391
https://doi.org/10.1038/s41388-021-01853-y
https://doi.org/10.1186/s12885-021-08390-7
https://doi.org/10.1016/j.tranon.2020.100957
https://doi.org/10.1016/j.intimp.2021.107807
https://doi.org/10.3389/fmolb.2021.625470

www.nature.com/scientificreports/

Author contributions

This research was conducted in collaboration with all authors. Gang Du and Xi Li designed and analyzed the
research study. Z.L., W.Y., W.Y. and D.L. wrote and revised the manuscript. Z.L. collected and analyzed the data,
and all authors have read and approved the manuscript. Z.L. and W.Y. contributed equally to this work.

Funding
This work was financially supported by Guangxi Science and Technology Project (Grant No. 03202219002D)
and Chuang Xin Qiang Yuan Project (Grant No. 2016QN08).

Competing interests
The authors declare no competing interests.

Additional information
Supplementary Information The online version contains supplementary material available at https://doi.org/
10.1038/541598-022-15854-8.

Correspondence and requests for materials should be addressed to G.D. or X.L.
Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

= License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2022

Scientific Reports |

(2022) 12:13290 | https://doi.org/10.1038/s41598-022-15854-8 nature portfolio


https://doi.org/10.1038/s41598-022-15854-8
https://doi.org/10.1038/s41598-022-15854-8
www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Construction of a novel signature and prediction of the immune landscape in gastric cancer based on necroptosis-related genes
	Materials and methods
	Data collection and processing. 
	Identification of differentially expressed NRGs and mutation analysis. 
	Consensus clustering analysis. 
	Differences analysis among molecular subtypes. 
	Construction and validation of necroptosis-related prognostic signature. 
	Development of a prognostic nomogram and comparison of the prognostic signatures. 
	GSEA enrichment analysis and comparison of immune activity among subgroups. 
	Evaluation of the chemotherapy drugs and immunotherapy response. 
	Ethics approval and consent to participate. 

	Results
	The landscape of genetic variation of DENRGs in GC. 
	Identification of necroptosis subtypes in GC. 
	Identification of DEGs associated with necroptosis phenotype. 
	Construction and validation of NRGsig based on necroptosis-related subtypes. 
	Validation of the NRGsig. 
	Independent prognostic value of the NRGsig. 
	Gene set enrichment analysis. 
	Construction of the nomogram and comparison of the prognostic signature. 
	Comparison of the immune activity between subgroups. 
	Explorations of clinical applications for NRGsig. 

	Discussion
	Conclusion
	References
	Acknowledgements


