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Construction of an oxidative 
stress‑related lncRNAs 
signature to predict prognosis 
and the immune response in gastric 
cancer
Hui Zhang 1,8, Huawei Feng 2,3,4,5,8, Tiansong Yu 2, Man Zhang 1, Zhikui Liu 6, Lidan Ma 7 & 
Hongsheng Liu 2,3,4,5*

Oxidative stress, as a characteristic of cellular aerobic metabolism, plays a crucial regulatory role 
in the development and metastasis of gastric cancer (GC). Long noncoding RNAs (lncRNAs) are 
important regulators in GC development. However, research on the prognostic patterns of oxidative 
stress-related lncRNAs (OSRLs) and their functions in the immune microenvironment is currently 
insufficient. We identified the OSRLs signature (DIP2A-IT1, DUXAP8, TP53TG1, SNHG5, AC091057.1, 
AL355001.1, ARRDC1-AS1, and COLCA1) from 185 oxidative stress-related genes in The Cancer 
Genome Atlas (TCGA) cohort via random survival forest and Cox analyses, and the results were 
subsequently validated in the Gene Expression Omnibus (GEO) dataset. The patients were divided 
into high- and low-risk groups by the risk score of the OSRLs signature. Longer overall survival 
was detected in the low-risk group than in the high-risk group in both the TCGA cohort (P < 0. 001, 
HR = 0.43, 95% CI 0.31–0.62) and the GEO cohort (P = 0.014, HR = 0.67, 95% CI 0.48–0.93). Next, 
multivariate Cox analysis identified that the risk model was an independent prognostic characteristic 
(HR > 1, P = 0.005), and time-dependent receiver operating characteristic (ROC) curve analysis and 
nomogram analysis were utilized to evaluate the predictive ability of the risk model. Next, gene set 
enrichment analysis revealed that the immune-related pathway, Wnt/β-catenin signature, mammalian 
target of rapamycin complex 1 signature, and cytokine‒cytokine receptor interaction was enriched. 
High-risk patients were more responsive to CD200, TNFSF4, TNFSF9, and BTNL2 immune checkpoint 
blockade. The results of qRT‒PCR further proved the accuracy of our bioinformatic analysis. Overall, 
our study identified a novel OSRLs signature that can serve as a promising biomarker and prognostic 
indicator, which provides a personalized predictive approach for patient prognosis evaluation and 
treatment.
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GC	� Gastric cancer
LncRNAs	� Long non-coding RNAs
TCGA​	� The cancer genome atlas
GEO	� Gene expression omnibus
OSRLs	� Oxidative stress related lncRNAs
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ROS	� Reactive oxygen species
DEGs	� Differentially expressed genes
GO	� Gene ontology
KEGG	� Kyoto encyclopedia of genes and genomes
RSF	� Random survival forest
HRiG	� High-risk group
LRiG	� Low-risk group
TNM	� Tumor node metastasis
IC50	� The half-maximal inhibitory concentration
GES-1	� Gastric epithelial cell line
GSEA	� Gene set enrichment analysis

Gastric cancer (GC) is one of the leading causes of cancer-related death worldwide, and these tumors are highly 
heterogeneous, aggressive, and lethal with nonspecific symptoms, indicating their serious threat to human 
health1. The treatments for GC are multidisciplinary methods based on the patient’s clinical and pathologi-
cal characteristics and usually include surgery, chemotherapy, radiotherapy, and molecularly driven therapy2. 
Although new treatment strategies are continuously proposed for GC, the 5-year survival rate has not yet reached 
20–30%. In addition to the abovementioned treatment strategies for GC, immunotherapy has become an emerg-
ing treatment method that is only effective for some patients. An increasing number of immune drugs are under 
clinical research to improve clinical efficiency and decrease the incidence of adverse reactions3. Therefore, it is 
of paramount importance to identify effective diagnostic and therapeutic targets as well as effective biomarkers 
for evaluating the prognosis of GC patients4.

Risk factors associated with GC formation and progression include Helicobacter pylori infection, precancerous 
lesions, and genetic and extrinsic factor5. These risk factors regulate the level of reactive oxygen species (ROS) 
in tumor cells by regulating oxidative stress, which causes the destabilization of cancer-specific genomes6. ROS 
is crucial to regulate cell homeostasis. Moderate ROS levels can promote cell proliferation and regulate cell 
apoptosis, while high levels of ROS can induce cell apoptosis or necrosis, and cause inflammatory response7. 
Such as ROS can activate FoXO transcription factors, which promotes the expression of certain proteins in cells 
and promotes the occurrence and development of tumors8. Similarly, ROS production is inhibited by cryptotan-
shinone in cancer cells harboring mutant KRAS, which reduces tumorigenesis9. However, oxidative stress has 
dual effects on tumor immunity, both promoting the initiation of immune responses and possibly inhibiting the 
persistence of immune responses. For example, an appropriate amount of oxidative stress can induce tumor cell 
apoptosis, enhance the lethality of immune cells to tumor cells, increase the presentation level of tumor epitopes, 
etc., thereby promoting the effect of tumor immunotherapy. High levels of oxidative stress are often associated 
with tumor growth and metastasis, and may affect the efficacy of immune interventions10.

Long noncoding RNAs (lncRNAs) are noncoding RNAs more than 200 nucleotides in length that display 
unique characteristics in regulating cancer proliferation, metastasis, the cell cycle, and programmed death11. 
Previous studies have indicated that lncRNA GABPB1 and its antisense lncRNA GABPB1-AS1 are specifically 
induced by erastin to regulate oxidative stress in liver cancer cell ferroptosis12. Similarly, lncRNA LAMTOR5-AS1 
regulates the level of intracellular oxidative stress by controlling the interaction between NRF2 and KEAP113. 
LncRNA CASC11 inhibits cellular apoptosis and accelerated the cell cycle by sponging miR-340-5p to upregulate 
CDK1 expression in GC14. The lncRNA PINK1-AS promotes Gαil-driven GC progression by sponging miR-
200a15. Moreover, metabolic plasticity mediated by MACC1-AS1 in the AMPK/Lin28 pathway is a determinant 
of GC cell growth and metastasis16. These studies imply that CASC11 and PINK1-AS may become novel tumor 
biomarkers. However, the potential of oxidative stress-related lncRNAs (OSRLs) as therapeutic targets for GC 
has not been fully researched. Therefore, further study of OSRLs is needed to provide new ideas and perspectives 
for GC research and immunotherapy.

In this study, an OSRLs prediction signature was constructed by a new model combination algorithm, and its 
performance in predicting prognosis, chemotherapy sensitivity, and cell immune infiltration level was evaluated 
in GC patients. Overall, our study provides a novel perspective for the treatment of GC and could help clinicians 
make management decisions.

Materials and methods
Patients and datasets.  The data were assembled from The Cancer Genome Atlas stomach adenocarci-
noma (TCGA-STAD), Gene Expression Omnibus (GEO) (GSE66229), and GeneCards datasets. The training 
set was collected from the TCGA dataset that included RNA-seq data and corresponding clinicopathological 
characteristics from 375 tumor tissues and 32 normal gastric tissues. Among STAD patients, twenty patients 
were excluded whose survival time was less than one month and had missing data to ensure the accuracy of 
prediction. GSE66229 (n = 400), in which the follow-up for patients described exceeded 5 years, was used as an 
independent validation set. The oxidative stress protein domains (n = 807) with relevance scores higher than 7.0 
were obtained from the GeneCards database (Supplementary Table 1), and symbols of human lncRNAs were 
acquired from the University of California Santa Cruz (UCSC) dataset. Finally, RNA-seq and clinical data were 
obtained from 367 patients in our OSRLs signature study with the workflow in Fig. 1.

Oxidative stress‑related genes and functional enrichment.  The R “limma” package was utilized to 
confirm 185 oxidative stress-related differentially expressed genes (DEGs) between the GeneCards dataset and 
the TCGA-STAD dataset according to the thresholds of false discovery rate < 0.05 and |FC|> 2. Gene Ontology 
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(GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis were performed with the 
“clusterProfiler” package.

Construction and validation of the OSRLs predictive signature.  The interaction among oxidative 
stress-related DEGs and lncRNAs was extracted by the “limma” package. The screening criteria were correlation 
coefficient |R2|> 0.2 and P < 0.001. Afterward, a random survival forest (RSF) algorithm was applied via the “ran-
dom Forest SRC” package to acquire the OSRLs in GC patients. Next, multivariate Cox regression was exploited 
to construct an OSRLs predictive signature via the “survival” package. The prognosis-related risk score of each 
GC patient was calculated as follows:

Coef i and xi represent the corresponding coefficients and the expression levels of lncRNAs, respectively. For 
survival analysis, the median value of the risk score was used as the optimal cutoff point to classify GC patients 
into a high-risk group (HRiG) and a low-risk group (LRiG). The KM method was applied to assess the survival 
rate of the HRiG and LRiG of GC patients through the R “survival” and “survminer” packages. Moreover, the 
GSE66229 dataset was estimated with the same risk formula and median risk scores as the training set to assess 
the predictive ability of the OSRLs signature. Independent predictive characteristics among the OSRLs signature 
and clinicopathological variables (age, sex, clinical stage, tumor-node-metastasis (TNM) stage, and risk score) 
were identified by Cox regression analysis in the "survival" package. The R “rms” package was exploited to con-
struct a prognostic nomogram to evaluate the survival rate of GC patients. Subsequently, the calibration curve 
was used to predict performance in the prognostic nomogram.

Enrichment analysis and tumor immune microenvironment analysis of the  OSRLs prediction 
signature.  To determine the underlying molecular mechanisms and functional pathway of the OSRLs sig-
nature, the “GSEA” package was utilized to analyze the degree of enrichment in different pathways between the 
HRiG and LRiG, and the “CBNplot” package was used for visualization17. The “ssGSEA” package used a single 
sample gene set to evaluate 16 immune infiltration cell scores and 13 immune function scores. The half-maximal 

risk Score =

n∑

i=1

(Coef i × xi)

Figure 1.   The flowchart of this study. TCGA​ The Cancer Genome Atlas, UCSC University of California Santa 
Cruz, GEO gene expression omnibus, DEGs differentially expressed genes, lncRNA long noncoding RNA, GO 
gene ontology, KEGG kyoto encyclopedia of genes and genomes, qRT‒PCR quantitative real-time polymerase 
chain reaction.
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inhibitory concentration (IC50) was calculated to reflect the sensitivity of cells to conventional chemotherapeutic 
drugs through the Wilcoxon signed-rank test in GC treatment.

Cell culture and qRT‑PCR.  A human gastric epithelial cell line (GES-1) was purchased from EK-Bio-
science (Shanghai, China), and STAD cells (AGS, HGC-27) were purchased from Bio-FIREFLYGLO (Beijing, 
China). The quality of the three cell lines was certified by short tandem repeat (STR). GES-1, AGS, and HGC-27 
cells were cultured in DMEM (L110KJ, Shanghai, China), DMEM/f12 (MA0214, Dalian, China), and RPMI 
1640 (MA0215, Dalian, China) complete medium containing 10% fetal bovine serum and 1% double antibody 
under a humidified atmosphere of 37 ℃ and 5% CO2. The UNIQ-10 Column TRIzol Total RNA Isolation Kit 
(Sangon Biotech, China) was utilized to extract the total RNA from cell samples. Maxima Reverse Transcriptase 
(Thermo Scientific, China) was used to reverse transcribe RNA to cDNA. Primers for AC091057.1, AL355001.1, 
ARRDC1-AS1, COLCA1, DIP2A-IT1, DUXAP8, TP53TG1, and SNHG5 (Supplementary Table 2) for qRT‒
PCR were synthesized by Sangon Biotech (Sangon Biotech, China). lncRNA expression was performed with 
2 × SG Fast qPCR Master Mix (High Rox) using SYBR Green I (BBI, China), and each lncRNA expression level 
was collected and quantified by the 2(-∆∆Ct) method. All experiments were repeated three times independently.

Statistical analysis.  Statistical analyses were performed by utilizing R 4.2.0. The Wilcoxon test was used 
to analyze the expression differences between the LRiG and HRiG. The KM method and log-rank test were 
employed to compare overall survival between subgroups. Cox analysis was utilized to evaluate the prognostic 
value of variables in GC patients. The differences in the infiltration levels of different immune cell subgroups 
were assessed via the Mann‒Whitney test. All statistical analyses were two-sided, and the statistical significance 
threshold was P < 0.05.

Results
Enrichment analysis of oxidative stress‑related genes.  A total of 185 oxidative stress-related DEGs 
(73 upregulated genes and 112 downregulated genes) were identified in the TCGA-STAD dataset (Fig. 2A and 
Supplementary Table S3). We then performed KEGG analysis (Fig. 2B and Supplementary Table S4) and GO 

Figure 2.   Identification differentially expressed genes of oxidative stress-related genes and functional 
enrichment analysis. (A) Volcano plot of 185 oxidative stress-related DEGs between the normal and GC groups. 
Blue dots are down-regulated genes, and orange dots are up-regulated genes. (B,C) Kyoto Encyclopedia of 
Genes and Genomes analysis and Gene Ontology analysis of oxidative stress-related differentially expressed 
genes. The significance of the gene gradually increases from blue to red.
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analysis (Fig. 2C and Supplementary Table S5) to identify the oxidative stress-related DEGs. The top 5 pathways 
of KEGG analysis were lipid and atherosclerosis, drug metabolism-cytochrome P450, IL-17 signaling pathway, 
chemical carcinogenesis-receptor activation, fluid shear stress, and atherosclerosis. The GO analysis included 
biological process (BP), cellular component (CC), and molecular function (MF) categories. In the BP category, 
DEGs were enriched in the response to oxidative stress, xenobiotic stimulus, and ROS metabolic process. In the 
CC category, DEGs were associated with endocytic vesicle lumen, membrane raft, membrane microdomain, etc. 
In the MF category, DEGs were associated with receptor ligand activity, signaling receptor activator activity, etc.

Identification and validation of the OSRLs prognostic signature.  We identified 102 oxidative 
stress-associated lncRNAs (Supplementary Table S6) by taking the intersection of 185 oxidative stress-associated 
DEGs and 13,978 lncRNAs from the UCSC dataset. The random survival forest algorithm showed that 33 lncR-
NAs interacted with oxidative stress (Supplementary Table S7). Multivariate analyses confirmed AC091057.1, 
TP53TG1, ARRDC1-AS1, SNHG5, DUXAP8, DIP2A-IT1, AL355001.1 and COLCA1 as OSRLs predictive sig-
natures (Supplementary Table S8). The relationships between OSRLs and mRNA are shown in Supplementary 
Table S9. The risk score of each patient was calculated by the following formula: (− 0.375 × AC091057.1) + (0.439 
× TP53TG1) + (−  0.335 × ARRDC1-AS1) + (0.020 × SNHG5) + (0.301 × DUXAP8) + (1.368 × DIP2A-
IT1) + (− 1.387 × AL355001.1) + (− 0.209 × COLCA1). When the risk score was higher than the median value, 
the patient was classified as HRiG; otherwise, it was classified as LRiG. The survival status curve (Fig. 3A) and 
risk score curve (Fig. 3C) indicated clear differences in subgroup patients. The KM curve showed that HRiG 
patients had poorer overall survival than LRiG patients (P  < 0.01) (Fig. 3E). Moreover, the receiver operating 
characteristic (ROC) curve and area under the curve (AUC) value demonstrated that the risk model was sensi-
tive and specific in GC prognosis prediction. The AUC values at 3 and 5 years reached 0.712 and 0.737 in the 
training cohort (Fig. 3G), respectively. In the validation set with similar results (Fig. 3B, D, F), the AUC values 
reached 0.612 and 0.628 at 3 years and 5 years, respectively (Fig. 3H).

The prognostic value of the OSRLs signature.  Notably, the risk model was confirmed as an inde-
pendent prognostic characteristic in both univariate (HR = 1.156, 95% CI 1.061–1.261) and multivariate analy-
ses (HR = 1.133, 95% CI 1.033–1.243) (Fig. 4A,B and Table 1), and the AUC value of the risk model reached 
0.737 (Fig. 4C, Table 1). Later, we utilized the OSRLs signature to construct a prognostic nomogram to visualize 
the survival rate of each patient and evaluated the 3- and 5-year overall survival probabilities for GC patients 
(Fig. 4D). A calibration curve was utilized to evaluate the predictive performance of the nomogram. Figure 4E 
and F show that the predicted and true values of the calibration curve were linearly correlated. The above results 
indicated that the predictive signature and nomogram had good performance, accurate prediction and discrimi-
native ability in GC prediction, which can play an important role in clinical management.

Gene set enrichment analysis of the OSRLs signature.  Gene enrichment analysis of predictive sig-
nature showed that the LRiG and HRiG patients were mainly related enriched in oxidative stress and immune 
pathways. For instance, the hallmark hypoxia (Fig. 5A,D) represented genes upregulated in response to low oxy-
gen levels, and these genes were enriched in the HRiG. The hallmark reactive oxygen species pathway (Fig. 5B) 
was enriched in the LRiG; the related genes include the key gene thioredoxin (TXN) (Fig. 5E), which together 
with other enzymes constitutes scavenging enzyme systems involved in regulating mitochondrial ROS and pro-
tecting cells from oxidative stress18. As an upstream gene of ubiquinone oxidoreductase subunit A6 (NDUFA6), 
TXN may affect mitochondrial fitness by regulating the expression of NDUFA619. The hallmark Wnt β-catenin 
signaling (Fig.  5C,F) and hallmark MTORC1 signaling (Fig.  5G,J) pathways were the significantly enriched 
immune-associated pathways in the LRiG. In addition, KEGG pathway analysis via GSEA showed enrichment 
in cytokine‒cytokine receptor interaction (Fig. 5H,K) and cell cycle (Fig. 5I,L) in HRiG and LRiG patients, 
respectively.

Tumor immune microenvironment analysis.  To confirm the interaction between OSRLs and the 
tumor immune microenvironment, we utilized the “ssGSEA” package to analyze differences in 16 immune-
related cells and 13 immune-function scores in subgroups. As shown in Fig. 6A, mast cells, as cells involved in 
the immune response, were significantly differentially enriched between subgroups (P < 0.05) (Fig. 6B). Major 
histocompatibility complex class I (MHC class I) had higher expression levels in the LRiG than in the HRiG 
(P < 0.05) (Fig. 6C). This may be because MHC class I assist CD8 + T cells in eliminating malignant cells and pro-
viding long-term protective immunity. In contrast to the results for MHC class I, parainflammation, which is an 
inflammatory response by tissue cells under various stresses or abnormal functions, was more highly enriched 
in high-risk patients (P < 0.05) (Fig. 6D). Later, a heatmap was used to estimate the interaction between immune 
checkpoints and the risk model (Fig.  6E), and the expression of the CD200, TNFSF4, TNFSF9, and BTLN2 
checkpoints was significantly increased in HRiG patients (Fig.  6F–I). Finally, the measurement standard for 
exploring the relationship between the OSRLs predictive signature and chemotherapy drugs (the half-maximal 
inhibitory concentration, IC50) was assessed. HRiG patients were more sensitive to methotrexate and TrKA 
inhibitors (Fig. 7A,B), while LRiG patients were more sensitive to rucaparib, bryostatin, embelin, and palbociclib 
(Fig. 7C–F).

Experimental validation of oxidative stress‑related lncRNAs in GC cell lines.  The relative expres-
sion of 8 lncRNAs was verified by qRT‒PCR experiments among AGS, HGC-27, and GES-1 cells line. As shown 
in Fig.  8A–G, DUXAP8, TP53TG1, and AL355001.1 were significantly upregulated, while AC091057.1 and 
SNHG5 were significantly downregulated in AGS and HGC-27 cells compared with GES-1 cells. ARRDC1-AS1 
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Figure 3.   Construction and validation of an OSRLs signature. (A,B) The risk score curve in the training and 
validation cohort. The blue dot is patient with low-risk score, and the red dot is a patient with high-risk score. 
(C,D) The survival status curve in the training and validation cohort. The blue dots indicate survival, and the 
red dots indicate death. (E,F) The KM survival curve in the training and validation cohort. The blue is the 
survival curve of patients in the low-risk group, and the red is the survival curve of patients in the high-risk 
group. (G,H) The time-dependent receiver operating characteristic curve shows the 3-year and 5-year oxidative 
stress prediction accuracy of the oxidative stress-related lncRNAs in the training and validation cohort. Blue is 
the patient with 3-year ROC curve, and red is the patient with 5-year ROC curve.
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Figure 4.   Prognostic value of the OSRLs signature. (A,B) Forest plots of OSRLs prognostic signature for 
univariate and multivariate Cox models. The red box represents significant prognostic features (P < 0.05). 
(C) Time-dependent receiver operating characteristic curves of the OSRLs signature and clinicopathological 
variables. The red line represents the time-dependent receiver operating characteristic curves of OSRLs features. 
(D) Construction of a nomogram containing 8 oxidative stress-related lncRNAs and clinicopathological features 
to predict the 3-year and 5-year overall survival of patients. (E,F) The calibration curve evaluates the accuracy of 
the nomogram in predicting 3-year and 5-year survival.
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and COLCA1 were upregulated in HGC-27 cells, and there was no significant difference in AGS cells compared 
with GES-1 cells. DIP2A-IT1 expression was not significantly different among the GES-1, AGS, and HGC-27 
cell lines.

Discussion
GC is the third most common cause of cancer-related death in the world. Its 5-year survival rate is only 20% to 
30%, indicating that it poses serious harm to physical health. Previous studies have shown that tumor cells pro-
duce more ROS than normal cells due to mitochondrial and metabolic disorders. To prevent the occurrence and 
metastasis of cancer, antioxidant therapy targeting GC may be a new approach to the treatment of GC20. However, 
only a few studies have focused on the prognostic characteristics of oxidative stress. In contrast, more studies 
have focused on the mechanism and treatment of oxidative stress in GC. Some therapeutic approaches mostly 
target only tumor cells with little attention to the tumor microenvironment (TME). With the rapid development 
of bioinformatics technology, there is increasing evidence that lncRNAs contribute to carcinogenesis and tumor 
development and can be used as a predictive feature associated with oxidative stress21. However, no report has 
been published about the prognostic significance of OSRLs in GC. Therefore, it is imperative to select oxidative 
stress-related biomarkers involved in GC development, construct a more efficient risk prediction model for GC, 
improve the prognosis of GC and seek new targets for microenvironment-targeted therapy.

In this study, we identified 185 oxidative stress-related DEGs between the TCGA-STAD dataset and oxidative 
stress-related gene set by bioinformatics methods. Next, to identify enriched pathways of oxidative stress-related 
DEGs, we used GO and KEGG pathway analysis and integrated these results, yielding two gene sets. The GO set 
of DEGs was significantly enriched in “response to oxidative stress” (P = 8.82 × 10

−30 ) in the BP category, which 
is consistent with the research direction in this study. The top three terms of the remaining set were enriched in 
“lipid and atherosclerosis” (P = 1.50 × 10

−9 ), “drug metabolism-cytochrome P450” (P = 4.79 × 10
−9 ), and “IL-17 

signaling pathway” (P = 2.89 × 10
−10 ). In the KEGG analysis, atherosclerosis, as a chronic inflammatory disease, 

was found to be affected by the state of oxidative stress, and ROS was found to play a crucial role in inflammatory 
responses, cell growth, apoptosis, and vascular homeostasis, all of which may be relevant to cancer22. Cytochrome 
P450 (CYP450) is a hemoglobin superfamily that plays a significant role in drug detoxification, cellular metabo-
lism, and homeostasis23. In this family, CPY2E1 was found to be involved in the occurrence and development 
of liver cancer because it can generate high levels of ROS24. The final term “IL-17 signaling pathway” has been 
verified to promote oxidative stress-induced hepatocyte apoptosis through the Nrf2/keap1 signaling pathway25. 
This indicated that oxidative stress-related genes were activated by the IL-7 signaling pathway, which influenced 
GC progression26. The mechanism of oxidative stress-related genes in GC still needs to be further explored.

A previous study indicated that lncRNAs play a significant role in the oxidative stress of cancer patients. Wang 
et al. indicated that lncRNA H19 and HULC activated oxidative stress by H2O2 and glucose oxidase to regulate 
CCA cell migration and invasion27. Similarly, researchers have indicated that lncRNA NEAT1 is upregulated 
by (-)-epigallocatechin-3-gallate (EGCG)-induced oxidative stress, increasing cisplatin intake in lung cancer 
treatment28. However, the explanation of lncRNAs interaction with oxidative stress in cancer, especially in GC 
was awfully insufficient are unclear. In this regard, considering the abundance of oxidative stress-related genes, 
Pearson correlation analysis was used to explore OSRLs. Then, the RSF algorithm was exploited to discriminate 
OSRLs and obtained a total of 34 lncRNAs related to prognosis in GC. Finally, Cox regression was used to 
identify DUXAP8, TP53TG1, SNHG5, AC091057.1, AL355001.1, ARRDC1-AS1, DIP2A-IT1, and COLCA1 to 
construct the prognostic signature of OSRLs. Among them, DUXAP8 can promote GC development by epige-
netically repressing PLEKHO1 expression by binding EZH2 and SUZ1229. Similarly, lncRNA TP53TG1 inhibits 
the activation of the PI3K/Akt signaling pathway by binding to the human tumor protein CIP2A, which leads to 
the inhibition of GC cell proliferation and survival30. Unlike the first two lncRNAs, the role of SNHG5 in tumors 
varies depending on gene copy variation (deletion or amplification), transcription factors, histone modification, 
or DNA methylation differences in gastric patients, it can either promote or suppress tumor growth31. In the study 
of glioma, SNHG5 promotes tumor growth by targeting E2F3, and E2F3 and E2F1 are both transcription factors 
of the E2Fs encoding gene family and are associated with poor prognosis of gastric cancer. Current study shows 
that E2F1 interacts with ARRDC1-AS1, so we infer that ARRDC1-AS1 has a similar function to SNHG5, and 
promotes the growth of gastric cancer cells by targeting E2F1. The remaining 4 lncRNAs (COLCA1, AC091057.1, 

Table 1.   Univariate and multivariate Cox analyses and AUC values of eight clinical indicators in GC patients.

Indicators

Univariate cox analysis Multivariate cox analysis

AUC valueHR (95% CI) P value HR (95% CI) P value

Age 1.020 (1.002, 1.039) 0.027 1.027 (1.008, 1.047) 0.005 0.638

Gender 0.737 (0.499, 1.087) 0.123 0.751 (0.506, 1.114) 0.155 0.418

Grade 1.308 (0.917, 1.868) 0.138 1.302 (0.902, 1.879) 0.159 0.511

Stage 1.510 (1.207, 1.888)  < 0.001 1.368 (0.907, 2.065) 0.135 0.571

T 1.294 (1.024, 1.635) 0.030 1.089 (0.799, 1.484) 0.589 0.510

N 1.569 (1.212, 2.032)  < 0.001 1.167 (0.808, 1.686) 0.410 0.543

M 1.552 (0.785, 3.069) 0.205 1.264 (0.554, 2.883) 0.577 0.499

Risk score 1.156 (1.061, 1.261)  < 0.001 1.133 (1.033, 1.243) 0.005 0.737
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Figure 5.   Pathway enrichment analysis of the OSRLs signature by GSEA. (A,D) Hallmark hypoxia and 
visualization of gene regulatory relationships in the pathway. (B,E) Hallmark reactive oxygen species pathway 
and visualization of gene regulatory relationships in pathway. (C,F) Hallmark Wnt β-catenin signaling and 
visualization of gene regulatory relationships in pathway. (G,J) Hallmark MTORC1 signaling and visualization 
of gene regulatory relationships in pathway. (H,K) KEGG cytokine‒cytokine receptor interaction and 
visualization of gene regulatory relationships in pathway. (I,L) KEGG cell cycle and visualization of gene 
regulatory relationships in pathway.
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AL355001.1, and DIP2A-IT1) have no relevant research in cancer. Therefore, it is necessary to verify the function 
of 8 lncRNAs through experiments, to determine the potential of OSRLs as prognostic biomarkers of GC that 
understand the mechanism of GC to develop therapeutic drugs for GC.

DUXAP8 is a biomarker and therapeutic target of various cancers that is upregulated in GC, promotes cell 
proliferation and migration, and then accelerates the development of GC32, and this study verified the upregula-
tion of DUXAP8 in GC. Previous studies have shown that lncRNA TP53TG1 can not only inhibit the develop-
ment of GC by regulating the stability of CIP2A3430, but also play a promoting role in cancer development. For 
example, TP53TG1 increased the sensitivity of non-small cell lung cancer cells to DNA damaging agents by 
regulating the miR-18a/PTEN axis33. Interestingly, the qRT‒PCR results of this study also showed that lncRNA 

Figure 6.   Prediction of immune cell infiltration based on the OSRLs signature. (A) A heatmap showing the 
association of immune cell infiltration levels with the OSRLs signature score between the low-risk groups and 
high-risk groups. (B–D) The level of immune cell infiltration significantly differences in low-risk group and 
high-risk group. The blue dots are low-risk group, and red dots are high-risk group. (E) The heatmap indicts the 
interaction between the risk score and immune checkpoints. (F–I) The expression levels of CD200, TNFSF4, 
TNFSF9, and BTNL2 were significant difference in the low-risk group and high-risk group. The blue dots are 
low-risk group, and the red dots are high-risk group.
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TP53TG1 was highly expressed in GC and could be a potential risk factor rather than a protective factor. Simi-
larly, lncRNA SNHG5 has been found to promote tumorigenesis and metastasis in a variety of cancers, while 
other studies have indicated that it suppresses tumorigenesis34. In the present study, SNHG5 was upregulated in 
GC cells, indicating its role as a risk factor. However, some studies have also shown that the expression of lncRNA 
SNHG5 was lower in GC cells than in healthy cells and benign gastric disease cells35. DIP2A-IT1 was upregulated 
in the analysis of DEGs in osteosarcoma tissue transcripts. But, in the present study, the expression of lncRNA 
DIP2A-IT1 was not significantly different between the GC group and normal gastric cells. Then, we found 4 novel 

Figure 7.   Prediction of chemotherapeutic drug sensitivity based on the OSRLs signature. (A,B) The boxplot 
showing the IC50 of the chemotherapy drugs methotrexate and TrKA inhibitors were more sensitive to high-risk 
group. (C–F) The chemotherapy drugs rucaparib, bryostatin, embelin, and palbociclib were more sensitive to 
low-risk group. The blue is low-risk group, and the red is high-risk group.

Figure 8.   Comparison of the expression levels of 7 lncRNAs in GC cell lines. (A–G) The expression of 7 
oxidative stress-related lncRNAs in normal (GES-1) and STDA cell lines. *P < 0.05, **P < 0.01, ns no significant. 
(A) DUXAP8, (B) TP53TG1, (C) AL355001.1, (D) SNHG5, (E) AC091057.1, (F) ARRDC1-AS1, (G) COLCA1.
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lncRNA biomarkers in GC and verified them experimentally. One of them was the prognostic protective factor 
lncRNA AC091057.1, which was associated with 68.87% of mRNAs in our study. The expression of AC091057.1 
was experimentally verified and was consistent with the results of a pancreatic cancer study indicating it as a 
protective factor in cancer36. In a diffuse large B cell lymphoma (DLBCL) study, the knockdown of ARRDC1-AS1 
exacerbated proliferation, inhibited apoptosis, and promoted invasion and migration37. Therefore, we presumed 
that the high expression of ARRDC1-AS1 in GC indicates its role as a tumor suppressor. In another study of 
coronary artery endothelial cells, the high expression of COLCA1 was stimulated by oxidized low-density lipo-
protein, which regulates the level of oxidative stress in cells, thus leading to a sustained inflammatory response 
in cells38. This was consistent with the high expression of COLCA1 in our experiment. The remaining lncRNA, 
AL355001.1, was detected in recent years, and no relevant experiment has proven its expression in cancer cells. 
Our study was the first to experimentally verify the expression of AL355001.1, which was higher in GC cell lines 
than in normal cell lines. Overall, the results indicate that these 8 lncRNAs can be used as prognostic factors for 
GC patients, consistent with our bioinformatics analysis results.

Increasing evidence has shown that oxidative stress plays an important role in the tumor immune microenvi-
ronment. As highlighted by Wu et al. ROS restricts the cytosolic translocation of SUMO-specific protease 7 and 
affected the metabolism and functional activity of CD8 + T cells, which weakens antitumor activity in vivo39. To 
confirm the enriched pathways, we used GSEA of genes enriched in the HRiG and LRiG and integrated those 
results, yielding two aspects. One side indicated that tumor hallmarks were associated with ROS in both the 
HRiG and the LRiG. For example, the Hallmark hypoxia and Hallmark reactive oxygen species pathways were 
closely associated with the oxidative stress-related signature in this study. On the other hand, GSEA showed 
that cytokine‒cytokine receptor interaction, cell cycle, Wnt/-β catenin signaling, and mTORC1 signaling were 
strongly connected to antitumor immunity and decreased oxidative stress in GC. Based on this, we speculated 
that antitumor immunity and oxidative stress were closely related in GC. Previous studies have shown that 
cytokines enhance the expansion and persistence of CAR-T cells and enhance their function in the immunosup-
pressive TME40. In addition, the Wnt pathway is an upstream pathway that participates in the regulation of the 
cell cycle, tumor, and other pathways41. The canonical Wnt signaling pathway is activated by the mitotic CDK14/
cyclin Y complex via phosphorylation of the LRP6 coreceptor, which leads to anti-inflammatory signaling that 
inhibits tumor growth42. Moreover, mTOR is located at the core of tumor-related signaling pathways43 and plays 
a key regulatory role in the cell cycle44. The importance of mTORC1 in regulating innate and adaptive immunity 
has been widely recognized; for example, it regulates immune tolerance related to regulatory T cells45. Overall, we 
found a strong association between the predictive signature and antitumor immunity, providing new biomarkers 
for cancer immunotherapy.

Immunomodulation has been indicated to play an important role in cancer treatment. Immune cell infiltration 
can seriously influence cancer progression and the response to immunotherapy and is related to the prognosis 
of cancer patients. Patients with obvious tumor clinical manifestations are usually in the tumor escape phase; 
that is, tumor cells with reduced immunogenicity grow to a certain extent and surpass the ability of the body’s 
immune response to avoid an antitumor immune response46. This may affect the levels of immunosuppressive 
and immune response cells. Therefore, we predicted a significant difference in immunotherapy in HRiG/LRiG 
patients. The outcomes showed that mast cells were prominent in the HRiG, so the mast cells might directly sup-
press immunity by promoting angiogenesis and the infiltration of mast cell subsets to facilitate different degrees 
of tumor development47. Immune checkpoint blockade, as one of the methods of immunotherapy, has been 
used to improve the prognosis of patients with malignant tumors48. The expression levels of CD200, TNFSF4, 
TNFST9, and BTNL2 were higher in HRiG patients, and these patients may benefit from immune checkpoint 
blockade to enhance the immune response or inhibit oxidative stress, which could improve prognosis in the 
HRiG. In recent years, some studies have reported that TPE-DPA-TCyp49, CPT50, MitoCAT-g51, TSEOP52 are 
useful as polymer prodrugs or nano-delivery systems of antitumor immune drugs to modulate tumor oxidative 
stress. These findings regarding oxidative stress provide a new idea for tumor immunotherapy and a safe and 
economical method for the treatment of tumor patients.

In general, OSRLs, which were validated by qRT‒PCR experiments, have the potential to be biomarkers for 
predicting the overall survival rate of STAD patients. Notably, the signature might regulate immune infiltration 
levels as well as immune function. Therefore, the mechanisms and relationships among oxidative stress, lncRNAs, 
immunity, and GC deserve further exploration and validation. We believe that the 8 OSRLs signature can guide 
research on the biological behavior of GC and its clinical prognosis. However, there are some limitations to this 
study: (1) The study used one external validation set, and more external validation sets are required to ensure 
the validity of the model. (2) It was necessary to further verify the mechanism of OSRLs in GC by performing 
experiments.

Data availability
Publicly available datasets were analyzed in this study. This data can be found here: TCGA database (http://​www.​
cancer.​gov/​tcga), GEO database (https://​www.​ncbi.​nlm.​nih.​gov/​geo/), GeneCards (https://​www.​genec​ards.​org/), 
and UCSC Xena database (https://​xenab​rowser.​net/).
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