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Gastric Cancer (GC) is a common cancer worldwide with a high morbidity and mortality rate in Asia. Many prognostic signatures from genes and non-coding RNA (ncRNA) levels have been identified by high-throughput expression profiling for GC. To date, there have been no reports on integrated optimization analysis based on the GC global lncRNA-miRNA-mRNA network and the prognostic mechanism has not been studied. In the present work, a Gastric Cancer specific lncRNA-miRNA-mRNA regulatory network (GCsLMM) was constructed based on the ceRNA hypothesis by combining miRNA-target interactions and data on the expression of GC. To mine for novel prognostic signatures associated with GC, we performed topological analysis, a random walk with restart algorithm, in the GCsLMM from three levels, miRNA-, mRNA-, and lncRNA-levels. We further obtained candidate prognostic signatures by calculating the integrated score and analyzed the robustness of these signatures by combination strategy. The biological roles of key candidate signatures were also explored. Finally, we targeted the PHF10 gene and analyzed the expression patterns of PHF10 in independent datasets. The findings of this study will improve our understanding of the competing endogenous RNA (ceRNA) regulatory mechanisms and further facilitate the discovery of novel prognostic biomarkers for GC clinical guidelines.
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INTRODUCTION

Gastric Cancer (GC) is the second leading cause of cancer death globally according to the latest WHO statistics in 2018 (Bray et al., 2018). Early GC can be removed by Endoscopic Mucosal Resection or Endoscopic Submucosal Dissection, and the long-term prognosis is good at present (Ko et al., 2016). However, GC is usually diagnosed at an advanced stage when it has spread to other parts of the body, the 5-year survival rate for patients with GC remains low (Gong et al., 2019). Therefore, how to reduce this clinical threat to human survival and identify prognostic signatures are of great importance for the treatment of GC patients.

There is growing evidence that non-coding RNAs (ncRNAs), which make up the majority of human RNAs, play key roles in regulating gene expression, though they are not translated into proteins (Kaikkonen et al., 2011; Zhang et al., 2019). MicroRNA (miRNA) is one type of ncRNA that contains approximately 22 nucleotides. The expression profiling of miRNA has attracted extensive attention because of its important role in the proliferation, differentiation, apoptosis, and other biological processes of cancer cells (Ling et al., 2013). Some miRNAs may serve as an indicator of poor survival for cancer patients (Lan et al., 2015). Long non-coding RNAs (lncRNAs) are defined as ncRNAs over 200 nucleotides in length (Ransohoff et al., 2018). More evidence has revealed that lncRNAs can regulate the expression of protein-coding genes at the epigenetic, transcriptional, and posttranscriptional levels, with prototypes including scaffolds, signals, guides, and decoys (Chew et al., 2018; Li et al., 2019; Liu et al., 2019). Dysregulation of lncRNA expression has been documented in a variety of diseases, especially in cancers (Prensner and Chinnaiyan, 2011).

Up to now, the prognostic signatures of multiple genes and ncRNAs have been identified for GC by using high-throughput expression profiling. CCNB1, PLK1, and PTTG1 have been identified as new prognostic markers and targets in the GC treatment (Weichert et al., 2006; Dibb et al., 2015; Wang et al., 2015; Xu et al., 2016). Through bioinformatics analysis and in vitro experiments, FKBP10 was verified to be a novel biomarker of prognosis and lymph node metastasis (LNM) in GC (Liang et al., 2019). In terms of ncRNAs, a previous study found that a 4-miRNA (miR-128, miR-27b, miR-214, and miR-100) signature predicted the occurrence of LNM after endoscopic submucosal dissection, suggesting that patients with higher scores tended to have higher LNM than patients with lower scores (Liu et al., 2017). A signature comprised of three miRNAs in serum can predict the clinical outcome for advanced GC. As a supplement to the TNM staging system, postoperative risk stratification can be improved (Chen et al., 2020). A lncRNA-based signature was identified from Gene Expression Ominus (GEO) datasets to contribute to the prognosis and predictive personalization of GC and served as potential GC biomarkers (Zhu et al., 2016).

The competing endogenous RNA (ceRNA) activity is widely recognized as an important regulatory mechanism for functional lncRNAs. In the ceRNA hypothesis, lncRNAs could communicate with mRNAs via serving as miRNAs sponges to reduce the miRNA-targeting inhibition on mRNAs (Ala, 2020). Interestingly, more studies have shown that this regulatory map exists in GC. For instance, lncRNA CCDC144NL-AS1 sponges miR-143-3p and acts as a ceRNA to regulate MAP3K7 in GC (Fan et al., 2020). In addition, LncRNA LINC00689 up-regulates ADAM9 through sponging miR-526b-3p, promoting GC progression. Moreover, lncRNA LINC00689 promotes the progression of GC by upregulation ADAM9 through sponging miR-526b-3p (Fan et al., 2020). MiRNAs influence biological processes by negatively regulating mRNA expression levels, thereby mediating the pathway activities. High-throughput assay of ncRNA or mRNA expression allows for the simultaneous measurement of a large number of ncRNAs or mRNAs, which is an important resource in tumor biology. High-throughput expression datasets and the detailed clinical information of corresponding patients can be obtained from some databases, such as The Cancer Genome Atlas (TCGA) (Fang and Fullwood, 2016).

In the present work, a Gastric Cancer specific lncRNA-miRNA-mRNA regulatory network (GCsLMM) was constructed based on the ceRNA hypothesis, by combining miRNA-target interactions and expression data sets of GC. To mine the novel prognostic signatures related to GC, we performed a random walk with a restart algorithm based on the GCsLMM from three levels (miRNA, lncRNA, and mRNA). Based on the optimization results, we further analyzed the lncRNA-miRNA-mRNA combination signatures and confirmed the prognostic performance of the top combinations. Finally, we focused on a novel gene, PHF10. The expression pattern of PHF10 was explored and validated in online websites and independent datasets. In conclusion, this study will improve our understanding of the complex regulatory mechanisms in GC prognosis, and further facilitate the discovery of novel prognostic biomarkers for patient treatment.



MATERIALS AND METHODS


Expression Data Sources

The training datasets, including the expression datasets and the patients’ clinical information, were downloaded from the TCGA database1. The mRNA/lncRNA expression was generated by HTseq-FPKM and miRNA expression was generated by miRNA-seq-BCGSC-miRNA Profiling analysis. The expression values (FPKM) of RNA from each sample were obtained, and the average expression values were used as the final values for the repeated samples. In addition, samples with survival time less than 30 days were excluded because these patients may have died of other causes. Finally, the datasets used in this study included the expression profiles of RNAs (including mRNAs, lncRNAs, and miRNAs), as well as patients’ clinical information.

To test the predictive power of the PHF10 signature, we obtained another GC mRNA expression dataset (access no: GSE38749, platform: GPL570) from the GEO database2. This dataset included 15 GC samples and corresponding clinical information was also obtained.



Protein-Protein and miRNA-Target Interactions

The protein-protein interaction (PPI) network was obtained from a previous study (Cheng F. et al., 2019) that used 12 common databases, including BioGRID, DFCI_NET_2016, HI-II-network, HPRD, InnateDB, INstruct, IntAct, KinomeNetworkX, MINT, PhosphositePlus, PINA, and SignaLink2.0. To make further analysis more robust, the PPI interactions found in at least two databases were considered to be ultimate PPI networks, with a total of 12,512 protein nodes and 83,065 interactions.

Data of miRNA-mRNA interactions were downloaded from four of the most commonly used databases, including the miRTarBase, miR2 Diseases, miRecords, and TarBase. From these databases, we obtained 6,459 miRNA-mRNA interactions with 358 miRNAs and 3,452 target mRNAs from low-throughput trials. Data of miRNA-lncRNA interactions were downloaded from the TarBase database. Finally, we integrated PPI relation and miRNA-target (including miRNA-mRNA and miRNA-lncRNA) as candidate complex networks.



Screening GC Specific Survival-Related RNA Relations

Based on the clinical information of the GC samples from TCGA, we first utilized the median survival time as a cutoff to define prognostic groups with good and poor outcomes. Within these two groups, we then calculated the Pearson correlation between all RNA relations (gene-gene, miRNA-mRNA, and miRNA-lncRNA) from the complex network mentioned above, respectively. If the RNA pairs displayed positive or negative correlations in the group with good prognosis, displayed the opposite directions (negative or positive) or no significant results in another group. Then, this kind of RNA pair was considered as GS survival-related relations. All these RNA pairs from the global network were further selected as GCsLMM.



Network-Based Random Walk Algorithm

Based on the GCsLMM network, we further performed a global risk impact analysis to optimize prognostic signatures by using the random walk with restart algorithm (Kohler et al., 2008). We performed random walk analysis to optimize the corresponding prognostic signatures from miRNA-, mRNA-, and lncRNA-levels, respectively. Take the miRNA-level as an example, we first identified prognostic miRNAs using the univariate cox method. Then, we annotated prognostic miRNAs into the GCsLMM network and regarded these miRNA nodes as seeds.

The random walk algorithm was finally used to evaluate the global risk impact of prognostic miRNAs on all components within the network as follows:
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where W was the column-normalized adjacency matrix of the GCsLMM network, which consisted of 0 and 1.Pt was a vector, in which a node in the global network held the probability of finding itself in this process up to step t. The initial probability vector P0, was constructed in such a way, where equal probabilities were assigned to all seed miRNAs and the sum of their probabilities was equal to 1. Additionally, the restart of the walker at each step was the probability, r.r = 0.7). When the difference between Pt and Pt + 1fell below 10–6, the probabilities reached a steady state. Finally, each component in the network was given a score according to the values in the steady-state probability vector, P∞from the miRNA-level random walk. A similar procedure was also performed at mRNA and lncRNA levels with prognostic mRNA and lncRNAs as seed nodes.



Enrichment Analysis

Gene Ontology (GO) and KEGG enrichment analyses were performed using the R clusterProfiler package. In this study, we performed two kinds of enrichment analyses: (i) enrichment analysis for protective and risk mRNAs from univariate cox analysis using the overlapping method, and (ii) enrichment analysis for all the ranking mRNAs obtained from co-expression analysis with candidate top signatures (miR-22, PHF10, and LINC00592) using the Gene Set Enrichment Analysis (GSEA) method. In all enrichment analyses, the adjusted P-values < 0.05 were considered as significant results.



RESULTS


The Workflow of This Study

Based on the high-throughput expression datasets of GC from TCGA and miRNA-target interaction resources, we constructed a GC specific network named GCsLMM and calculated the integrated score (Integrated Random Walk, IRW) for each candidate signature in three steps. The detailed workflow was displayed in Figure 1.
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FIGURE 1. The workflow of calculating IRW score.


Step 1, we respectively obtained the gene-gene, miRNA-mRNA, and miRNA-lncRNA interactions from public databases to form a global network (see section “Materials and Methods”). Furthermore, we screened the survival-related RNA regulations to construct a GC survival specific network, GCsLMM (see section “Materials and Methods”).

Step 2, based on the expression matrix and clinical information of GC, we respectively identified GC prognostic related mRNAs, miRNAs, and lncRNAs by using the univariate cox method.

Step 3, we used a network-based random walk algorithm to evaluate the prognostic effects from three levels (see section “Materials and Methods”). Finally, we calculated the IRW score, which was the mean score from three level random walk analyses for each molecule from GCsLMM. The molecules with higher IRW scores were regarded as candidate prognostic signatures.



Calculating IRW Score for Screening Candidate Prognostic Signatures

We first used the univariate cox method to calculate the associations between RNA expression and GC patient prognosis with P-value < 0.05. Considering the HR values from cox results, we further defined the prognostic factors as protective factors with HR < 1 and risk factors with HR > 1 (see Figure 2A). In total, we identified 1,405 prognostic mRNAs (903 risk, 502 protective), 1,151 prognostic lncRNAs (1,090 risk, 61 protective), and 28 prognostic miRNAs (22 risk, six protective). To dissect the functional roles of the prognostic factors at mRNA level, we respectively performed the GO and KEGG enrichment analyses for protective mRNAs and risk mRNAs (see Figure 2B and Supplementary Figure 1). A non-significant result was obtained from protective mRNAs. For the risk genes, we identified many cancer related pathways, such as “PI3K-Akt signaling pathway,” “MAPK signaling pathway,” “TGF-beta signaling pathway,” and “ECM receptor interaction,” which were closely associated with the biological mechanism of GC. At the miRNA level, many of the prognostic miRNAs we identified performed important roles involved in GC, such as miR-29a, miR-125a, and miR-34b.
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FIGURE 2. (A) The univariate cox results for prognostic genes, lncRNAs, and miRNAs. (B) The KEGG enrichment analysis results for risk genes from univariate cox results. The corresponding enrichment results for protective genes were none. (C) The candidate signature results with decreasing IRW score. **symbol indicated the GC related markers, and *symbol indicated tumor related markers.


After three-level random walk analyses, we calculated the IRW score for each molecule within the GCsLMM. Most of the candidate signatures with a higher score displayed close associations with GC or other tumors (see Figure 2C). The signature with the highest IRW score was miR-22, and the up-regulation of miR-22-3p has been confirmed as related to GC cell proliferation inhibition and apoptosis process (Gan et al., 2019). For the gene results, the top five genes (ranked from 17-20 and 25) were also associated with tumor formation and prognosis, including TP73 (Zhang et al., 2018) and MYC (Calcagno et al., 2008). Other evidence has revealed that LINC00592 (top one lncRNA, ranked 75) was included in lncRNA biomarkers which were associated with disease free survival in the patients of GC (Cheng C. et al., 2019).



The Survival Predictive Power of lncRNA-miRNA-mRNA Combinations

We then explored the prognostic power of combinations of lncRNAs, miRNAs, and mRNAs with high IRW scores, and explored the robustness of these signatures. Based on the IRW score, we first constructed 26,208 combinations that contained one lncRNA, one gene, and one miRNA, using the top 100 molecules (18 lncRNAs, 26 genes, and 56 miRNAs). Then, we divided the total training expression matrix into two independent data sets, inner training set, and inner testing set. The inner training set was used to calculate the univariate coefficient for each component within the combination, and the inner testing set was used to calculate the prognostic performance (p-value) of the combination signature (see Figure 3A). As a result, a total of 6,006 combinations displayed significant results with P-value < 0.05 (see Figure 3B). Furthermore, we undertook a statistical analysis of how many times each molecule was included in the significant combinations. As shown in Figure 3C, miR-377 and miR-409 were the most robust prognostic miRNAs, and miR-22 with the highest IRW score also ranked fourth. At the gene level, ZAP70 and PHF10 were the most robust signatures. ENSG00000232959 and ENSG00000234869 were the most robust prognostic lncRNAs. From these robust prognostic signatures, the combination (ENSG00000234869-PHF10-miR-377) displayed significant predictive power with P-value = 2.67E-05.
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FIGURE 3. (A) The framework for constructing all lncRNA-gene-miRNA combinations and calculating the risk score based on each combination. (B) Distribution of prognostic related combinations within all combinations. A K-M plot, for example, ENSG00000234869 + PHF10 + hsa-mir-377. (C) The robust signatures for miRNA, gene, and lncRNA within all prognostic related combinations. (D) Random results when changing each molecule from the example combination in label (B) by molecules with low IRW scores.


To further test the performance of robust signatures, we took the ENSG00000234869-PHF10-miR-377 signature as an example and performed perturbation analysis as follows. For this combination signature, we respectively exchanged the lncRNA, miRNA, or gene molecule and kept the other two molecules unchanged. Corresponding molecules were exchanged as N molecules with the lowest IRW score (N = 100 for gene, N = 100 for lncRNA, and N = 20 for miRNA). Then, based on new combination signatures with random analysis, we developed a new score model for patient risk evaluation. Finally, the inner testing set was also used to calculate the significance of random combinations. As shown in Figure 3D, the random combinations displayed worse predictive performance than previous robust signatures, which confirmed that our signatures are more robust with a high IRW score than random results.



The Functional and Network Analysis for miR-22, PHF10, and LINC00592

Next, we took three candidate prognostic signatures (miR-22, PHF10, and LINC00592) with the highest IRW score from each level to explore their biological mechanisms. Based on the TCGA expression datasets, we calculated the expression correlations between each of the candidate signatures and total mRNAs. All mRNAs were ranked in descending order after correlation analysis and GSEA enrichment analysis was performed (see section “Materials and Methods”). As shown in Figure 4A, miR-22 was negatively enriched in the “cGMP-PKG signaling pathway,” “Oxytocin signaling pathway,” and “Ribosome.” The PHF10 was positively enriched in the “Cell cycle” and “Oxytocin signaling pathway.” The lncRNA LINC00592 was positively enriched in “Focal adhesion,” and negatively enriched in “Glyoxylate and dicarboxylate metabolism” functions.
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FIGURE 4. (A) The top five Gene Ontology (GO) terms for three candidate signatures, hsa-mir-22, PHF10, and LINC00592 using the GSEA method. (B) The prognostic statistic information of direct or indirect interaction of three candidate signatures, hsa-mir-22, PHF10, and LINC00592 within the global network. (C) The PHF10 core network. Red node indicates risk signatures, and blue node indicates protective signatures. (D) The K-M plot of PHF10 expression in GSE38749 and median expression level of PHF10 was the cut-off to define two groups, and the log-rank test was used to calculate the P-value.


Most of the direct neighbors of these three signatures were related to GC prognosis. As shown in Figure 4B, 29 of the miR-22’s 401 direct neighbors were prognostic related factors, and seven indirect neighbors which connected the miR-22 by another node were also prognostic related. For LINC00592, there were two direct neighbors, of which one was prognostic, and 36 of the 315 indirect neighbors were prognostic. Notably, miR-22 and LINC00592 were significant prognostic factors with univariate P-value = 0.0079 and 0.0002, however, PHF10 is not a significant prognosis factor. We therefore further displayed the interaction network of PHF10 (see Figure 4C). In this network, the miR-409 which has a regulatory role on PHF10 was a risk factor. Wei et al. (2010) found that PHF10 inhibited the expression of caspase-3 and damaged the programmed cell death pathway in human GC. By targeting PHF10 in GC, microRNA-409-3p was also verified to suppress cell proliferation and apoptosis (Li et al., 2012). Furthermore, the predictive power of PHF10 was tested in another independent data set, GSE38749. As shown in Figure 4D, patients with a higher expression of PHF10 exhibited a lower survival rate than patients with lower expression, showing its risk roles.



The Expression Pattern of PHF10 in GC Formation and Clinical Events

To explore the expression pattern of the final PHF10 signature, we went through comparative expression analysis of PHF10 between different cancer and normal tissues using an online web-server, such as ONCOMINE and UALCAN. ONCOMINE compares the difference in expression level between the cancer tissue and normal tissue depending on the numbers of significant unique analyses, which represents the differences in PHF10 mRNA expression. These results were obtained based on parameters as p-value < 1.0E-4, gene ranking in the top 10%, and fold-change > 2. In this analysis, we found the upregulation of PHF10 expression in three different cancer types, including colorectal cancer, GC, and leukemia, and downregulation of PHF10 in breast cancer (Figure 5A). We then used the UALCAN database to analyze the expression levels of the PHF10 signature in 24 types of cancers and normal tissues. PHF10 was upregulated and downregulated in 12 different cancers, respectively (Figure 5B).
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FIGURE 5. PHF10 mRNA expression in different cancer types, (A) mRNA upregulation (Red), and downregulation (Blue) of PHF10 in different cancer types retrieved from the ONCOMINE database. The data were selected based on P-value: 1E-4, fold change: 2, and top 10% gene rank. PHF10 is upregulated in Gastric Cancer which is indicated in Red color. (B) Expression of PHF10 across various cancer TCGA Cancer data with tumor (red) and normal samples (Blue) depict as boxplots using UALCAN web that include the values between upper and lower quartile inside the box and dashed lines indicate the upper and lower limit of average expression.


To understand the PHF10 expression relationship among GC and STAD subtypes, we examined each of the subtype datasets using the ONCOMINE and UALCAN databases. In a detail, we analyzed PHF10 expression in GC as compared to tissue for gastric mixed adenocarcinoma and gastric intestinal type adenocarcinoma. We found a significant upregulation of PHF10 in each GC compared to different control conditions (Figures 6A–C). Furthermore, we examined the expression levels of the PHF10 gene on the basis of various clinicopathological characteristics of GC patients, including Normal (n = 34) and different stages: stage 1 (n = 34), stage 2 (n = 123), stage 3 (n = 169), and stage 4 (n = 41), gender: Males (n = 268) and Females (n = 147), age: 21–40 years (n = 4), 41- 60 years (n = 128), 61–80 years (n = 253) and 81–100 years (n = 25). For individual cancer stages, we observed the highest expression level of PHF10 in patients with stage 3 (Figure 6D). Additionally, female patients (Figure 6E) and 61–80-year-old age group (Figure 6F) patients were found to express a higher level of PHF10.
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FIGURE 6. Expression of PHF10 between samples with different subtypes and normal samples from three studies using ONCOMINE database (A–C). Expression of PHF10 in TCGA STAD based on clinicopathological parameters visualized by the UALCAN web server. The analysis was done to predict the expression of STAD and their relative tissue based on, (D) stages, (E) gender, and (F) age.




DISCUSSION

This study constructed a GC-specific global network to identify and analyze prognostic signatures using mRNA and ncRNA expression datasets from the TCGA database. During the integrated analysis, we performed three levels of random walk algorithm, which respectively regarded prognostic mRNAs, miRNAs, and lncRNAs as the seed nodes. The final IRW score was calculated for each candidate’s prognostic signature. We also explored the performance of combination signatures, which ranked in the top 100 according to IRW score. Finally, we focused on three key prognostic signatures (miR-22, PHF10, and LINC00592), and explored the expression pattern of PHF10 in GC formation and clinical characterizations. To sum up, we comprehensively analyzed the degree of mRNA effect, lncRNA, and miRNA based on the global network to identify the prognostic signatures of GC.

A number of GC prognostic signatures have been identified to date, based on high-throughput expression data at the single gene-level, miRNA-level, or lncRNA-level. For example, a 7-gene signature associated with the G2/M checkpoint was identified as a prognostic biomarker of GC patients (Lv et al., 2020). Bao et al. (2019) established a 3-gene signature of diffuse type GC for explaining the molecular mechanism of poor prognosis. In another study, a 5-gene signature was established that can be an independent prognostic factor in GC patients (Song et al., 2019). A stromal-immune score-based gene signature was also well-established as a tool for stratification of GC prognosis (Wang H. et al., 2019). Besides gene-based signatures, a number of ncRNA signatures have also been identified. A 6-lncRNA signature was identified by microarray re-annotation of the dataset containing 370 GC samples with clinical information. It was reported that four lncRNAs contributed to GC development, and one lncRNA might be associated with the prognosis of GC (Ma et al., 2020). Another study indicated that lncRNA MNX1-AS1 was a prognostic indicator for GC patients (Ma et al., 2019).

Compared with a single level, the optimization analysis of multiple levels based on a global network displayed more advantages. For GC research, some ceRNA networks were constructed for exploring tumor biological mechanisms. For example, Arun et al. (2018) profiled 19 cancer-associated lncRNAs in thirty gastric adenocarcinomas using qRT-PCR, and further identified risk genes or miRNAs which were correlated with these lncRNAs. Finally, they constructed an integrated lncRNA-miRNA-mRNA interaction network to understand the complex gene regulatory mechanism (Arun et al., 2018). In another study, Zhang et al. adopted the WGCNA method to identify GC related networks. A ceRNA network that included 86 dysregulated relationships was also constructed for simple display (Zheng et al., 2020). In many other tumor types, a similar integrated analysis was also performed. For example, Wang Y. et al., 2019 constructed a ceRNA network to reveal the core ceRNAs in endometrial cancer. Fan et al. (2018) constructed a breast cancer ceRNA network and developed a risk score model based on lncRNAs using multivariate cox regression. A similar framework was also performed on colorectal cancer, and LASSO analysis was utilized to calculate the coefficients for the risk model (Xiong et al., 2017). Compared with these studies mentioned above, our study performed three-level topology analysis based on global ceRNA network respectively using miRNA-, lncRNA- and gene-level seed nodes, which displayed more advantages than simple ceRNA analysis.

To test the biological functions of prognostic seed nodes, we performed functional enrichment analysis based on protective and risk genes (see Figure 2B). Many of the GO terms identified were associated with the formation or progression of GC. Studies have shown that the PI3k/Akt/mTOR pathway is activated in 30%60% of GC. Numerous clinical trials have been conducted by using single or dual Akt/mTOR inhibitors for targeted therapy (Matsuoka and Yashiro, 2014; Tapia et al., 2014). The previous study demonstrated that the ERK/MAPK pathways were involved in a variety of human tumor types, including GC (Guo et al., 2020). In GC patients, high levels of TGF-β1 in serum and cancer tissues were associated with poor prognosis (Fu et al., 2009). Chen et al. (2019) found that gene silencing inhibited the migration and invasion of GC cells by regulating the activation of the TGF-β signaling pathway. At the miRNA level, most prognostic miRNAs were also involved in the GC biological mechanism. A previous study showed that members of the miRNA-29 family can inhibit cell proliferation, and invasion of GC cells by silencing different key targets (Kwon et al., 2019). The dysregulation of miR-125a and miR-125b can affect prognosis and further regulated gastric cell proliferation and apoptosis (Yang et al., 2013, 2019). Deng et al. revealed that miRNA-34a served as a cancer suppressor gene (Zhang et al., 2009). Diffuse manifestations of low miR-200b were related to EMT in patients with GC. All these studies confirm the close association between random walk seed nodes and GC biological events.

After multiple-level random walk analyses, we further calculated the IRW score for each candidate signature and the signature with a higher score was regarded as GC prognostic signature. MiR-22 was ranked top one in all candidates, and the regulatory roles of miR-22-3p were confirmed by the proliferation and apoptosis of GC cells (Li et al., 2020). MiR-125a (ranked second) restrained cell migration and invasion by targeting STAT3 in GC Cells (Yang et al., 2019). DOS revealed that the downregulation mechanism of miR-125a-5p expression in gastric diseases is a potential marker for the early diagnosis of GC (Dos Santos et al., 2020). In addition, miR-126 (ranked third) has been identified as an indicator of poor prognosis and recurrence in GC, especially in patients with histologically negative lymph nodes (Feng et al., 2018). In vitro, miR-29a (ranked fourth) could inhibit the growth and invasion of GC cells (Chen et al., 2014). The SNP of miR-184 (ranked fifth) binding-site in TNFAIP2 was related to risk of GC (Xu et al., 2013).

Based on the IRW score and robustness analysis, we focused on a novel gene signature, PHF10 (plant homeodomain finger protein 10), which belongs to the zinc finger protein family. A previous study (Wei et al., 2010) validated the protein expression levels of PHF10 in GC cell lines, which were significantly higher than those in a normal gastric epithelial cell line. The apoptosis of GC cell line was significantly increased after PHF10 was knocked down, which was consistent with the roles of PHF10 in GC tissues detected in the Oncomine database (see Figures 5, 6A–C). In another study (Li et al., 2012), the regulatory relationship between miR-409-3p and PHF10 was confirmed. This study performed a series of experiments to show that miR-409-3p was involved in the gastric cell growth, apoptosis, and tumorigenesis processes. According to our findings, miR-409 was the only miRNA targeting PHF10 and the second robust signature in combination analysis (see Figure 3C). Furthermore, another regulatory circRNA on the miR-409/PHF10 axis was identified and the complex correlated relationship between them was explored, further showing the biological reliability of the PHF10 signature in GC (Wang et al., 2020; see Figure 7).
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FIGURE 7. Mechanism of promoting proliferation and inhibiting apoptosis of gastric cancer cells by PHF10.


We performed systematically integrated analyses using high-throughput mRNA, lncRNA, and miRNA expression profilings from TCGA, and further identified several candidate prognostic signatures based on a multiple-level global network optimization analysis. Future studies will explain the intrinsic biological significance of these signatures further. The findings of the present study are potentially useful for understanding GC prognostic events and identifying robust risk signatures for guiding clinical treatment.



DATA AVAILABILITY STATEMENT

The TCGA-STAD datasets including the expression datasets and the patients’ clinical information was downloaded from the TCGA database (URL) at https://portal.gdc.cancer.gov/. The validation gastric cancer mRNA expression matrix with available patient survival information was downloaded from GEO database under the accession number GSE38749 in https://www.ncbi.nlm.nih.gov/geo/.



AUTHOR CONTRIBUTIONS

SJ conceived and designed the experiments. LC, PW, DN, JS, GT, DL, XZ, WM, and CZ analyzed the data. LC and PW wrote the manuscript. All authors read and approved the final manuscript.



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.631534/full#supplementary-material

Supplementary Figure 1 | The Gene Ontology (GO) enrichment analysis results for risk genes (A) and protective genes (B).


FOOTNOTES

1https://cancergenome.nih.gov/

2https://www.ncbi.nlm.nih.gov/geo/


REFERENCES

Ala, U. (2020). Competing endogenous RNAs, non-coding RNAs and diseases: an intertwined story. Cells 9:1574. doi: 10.3390/cells9071574

Arun, K., Arunkumar, G., Bennet, D., Chandramohan, S. M., Murugan, A. K., and Munirajan, A. K. (2018). Comprehensive analysis of aberrantly expressed lncRNAs and construction of ceRNA network in gastric cancer. Oncotarge 9, 18386–18399.

Bao, B., Zheng, C., Yang, B., Jin, Y., Hou, K., Li, Z., et al. (2019). Identification of subtype-specific three-gene signature for prognostic prediction in diffuse type GC. Front. Oncol. 9:1243. doi: 10.3389/fonc.2019.01243

Bray, F., Ferlay, J., Soerjomataram, I., Siegel, R. L., Torre, L. A., and Jemal, A. (2018). Global cancer statistics 2018: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 68, 394–424. doi: 10.3322/caac.21492

Calcagno, D. Q., Leal, M. F., Assumpcao, P. P., Smith, M. A., and Burbano, R. R. (2008). MYC and gastric adenocarcinoma carcinogenesis. World J. Gastroenterol. 14, 5962–5968. doi: 10.3748/wjg.14.5962

Chen, L., Xiao, H., Wang, Z. H., Huang, Y., Liu, Z. P., Ren, H., et al. (2014). miR-29a suppresses growth and invasion of GC cells in vitro by targeting VEGF-A. BMB Rep. 47, 39–44. doi: 10.5483/bmbrep.2014.47.1.079

Chen, S., Lao, J., Geng, Q., Zhang, J., Wu, A., and Xu, D. (2020). A 3-microRNA signature identified from serum predicts clinical outcome of the locally advanced GC. Front. Oncol. 10:565. doi: 10.3389/fonc.2020.00565

Chen, Z. L., Qin, L., Peng, X. B., Hu, Y., and Liu, B. (2019). INHBA gene silencing inhibits GC cell migration and invasion by impeding activation of the TGF-beta signaling pathway. J. Cell. Physiol. 234, 18065–18074. doi: 10.1002/jcp.28439

Cheng, C., Wang, Q., Zhu, M., Liu, K., and Zhang, Z. (2019). Integrated analysis reveals potential long non-coding RNA biomarkers and their potential biological functions for disease free survival in GC patients. Cancer Cell Int. 19:123. doi: 10.1186/s12935-019-0846-6

Cheng, F., Kovacs, I. A., and Barabasi, A. L. (2019). Network-based prediction of drug combinations. Nat. Commun. 10:1197. doi: 10.1038/s41467-019-09186-x

Chew, C. L., Conos, S. A., Unal, B., and Tergaonkar, V. (2018). Noncoding RNAs: master regulators of inflammatory signaling. Trends Mol. Med. 24, 66–84. doi: 10.1016/j.molmed.2017.11.003

Dibb, M., Han, N., Choudhury, J., Hayes, S., Valentine, H., West, C., et al. (2015). FOXM1 and polo-like kinase 1 are co-ordinately overexpressed in patients with gastric adenocarcinomas. BMC Res. Notes 8:676. doi: 10.1186/s13104-015-1658-y

Dos Santos, M. P., Pereira, J. N., De Labio, R. W., Carneiro, L. C., Pontes, J. C., Barbosa, M. S., et al. (2020). Decrease of miR-125a-5p in gastritis and GC and its possible association with H. pylori. J. Gastrointest. Cancer doi: 10.1007/s12029-020-00432-w [Epub ahead of print].

Fan, C. N., Ma, L., and Liu, N. (2018). Systematic analysis of lncRNA-miRNA-mRNA combined endogenous RNA network identifies four-lncRNA signature as a prognostic biomarker for breast cancer. J. Transl. Med. 16:264. doi: 10.1186/s12967-018-1640-2

Fan, H., Ge, Y., Ma, X., Li, Z., Shi, L., Lin, L., et al. (2020). Long non-coding RNA CCDC144NL-AS1 sponges miR-143-3p and regulates MAP3K7 by acting as a competing endogenous RNA in GC. Cell Death Dis. 11:521. doi: 10.1038/s41419-020-02740-2

Fang, Y., and Fullwood, M. J. (2016). Roles, functions, and mechanisms of long non-coding RNAs in cancer. Genomics Proteomics Bioinformatics 14, 42–54. doi: 10.1016/j.gpb.2015.09.006

Feng, R., Sah, B. K., Li, J., Lu, S., Yuan, F., Jin, X., et al. (2018). miR-126: An indicator of poor prognosis and recurrence in histologically lymph node-negative GC. Cancer Biomark. 23, 437–445. doi: 10.3233/CBM-181526

Fu, H., Hu, Z., Wen, J., Wang, K., and Liu, Y. (2009). TGF-beta promotes invasion and metastasis of GC cells by increasing fascin1 expression via ERK and JNK signal pathways. Acta Biochim. Biophys. Sin. 41, 648–656. doi: 10.1093/abbs/gmp053

Gan, L., Lv, L., and Liao, S. (2019). Long noncoding RNA H19 regulates cell growth and metastasis via the miR223p/Snail1 axis in GC. Int. J. Oncol. 54, 2157–2168. doi: 10.3892/ijo.2019.4773

Gong, Y., Wang, P., Zhu, Z., Zhang, J., Huang, J., and Xu, H. (2019). Clinicopathological characteristics and prognosis of upper GC patients in China: a 32-Year single-center retrospective clinical study. Gastroenterol. Res. Pract. 2019:9248394. doi: 10.1155/2019/9248394

Guo, Y. J., Pan, W. W., Liu, S. B., Shen, Z. F., Xu, Y., and Hu, L. L. (2020). ERK/MAPK signalling pathway and tumorigenesis. Exp. Ther. Med. 19, 1997–2007. doi: 10.3892/etm.2020.8454

Kaikkonen, M. U., Lam, M. T., and Glass, C. K. (2011). Non-coding RNAs as regulators of gene expression and epigenetics. Cardiovasc. Res. 90, 430–440. doi: 10.1093/cvr/cvr097

Ko, W. J., Song, G. W., Kim, W. H., Hong, S. P., and Cho, J. Y. (2016). Endoscopic resection of early GC: current status and new approaches. Transl. Gastroenterol. Hepatol. 1:24. doi: 10.21037/tgh.2016.03.22

Kohler, S., Bauer, S., Horn, D., and Robinson, P. N. (2008). Walking the interactome for prioritization of candidate disease genes. Am. J. Hum. Genet. 82, 949–958. doi: 10.1016/j.ajhg.2008.02.013

Kwon, J. J., Factora, T. D., Dey, S., and Kota, J. (2019). A systematic review of miR-29 in cancer. Mol. Ther. Oncolytics 12, 173–194. doi: 10.1016/j.omto.2018.12.011

Lan, H., Lu, H., Wang, X., and Jin, H. (2015). MicroRNAs as potential biomarkers in cancer: opportunities and challenges. Biomed. Res. Int. 2015:125094. doi: 10.1155/2015/125094

Li, C., Nie, H., Wang, M., Su, L., Li, J., Yu, B., et al. (2012). MicroRNA-409-3p regulates cell proliferation and apoptosis by targeting PHF10 in GC. Cancer Lett. 320, 189–197. doi: 10.1016/j.canlet.2012.02.030

Li, X., Zhao, J., Zhang, H., and Cai, J. (2020). Silencing of LncRNA metastasis-associated lung adenocarcinoma transcript 1 inhibits the proliferation and promotes the apoptosis of GC cells through regulating microRNA-22-3p-mediated ErbB3. Onco Targets Ther. 13, 559–571. doi: 10.2147/OTT.S222375

Li, Y., Egranov, S. D., Yang, L., and Lin, C. (2019). Molecular mechanisms of long noncoding RNAs-mediated cancer metastasis. Genes Chromosomes Cancer 58, 200–207. doi: 10.1002/gcc.22691

Liang, L., Zhao, K., Zhu, J. H., Chen, G., Qin, X. G., and Chen, J. Q. (2019). Comprehensive evaluation of FKBP10 expression and its prognostic potential in GC. Oncol. Rep. 42, 615–628. doi: 10.3892/or.2019.7195

Ling, H., Fabbri, M., and Calin, G. A. (2013). MicroRNAs and other non-coding RNAs as targets for anticancer drug development. Nat. Rev. Drug Discov. 12, 847–865. doi: 10.1038/nrd4140

Liu, H., Luo, J., Luan, S., He, C., and Li, Z. (2019). Long non-coding RNAs involved in cancer metabolic reprogramming. Cell Mol. Life Sci. 76, 495–504. doi: 10.1007/s00018-018-2946-1

Liu, H. T., Wang, Y. W., Xing, A. Y., Shi, D. B., Zhang, H., Guo, X. Y., et al. (2017). Prognostic value of microRNA signature in patients with GCs. Sci. Rep. 7:42806. doi: 10.1038/srep42806

Lv, X., Zhao, Y., Zhang, L., Zhou, S., Zhang, B., Zhang, Q., et al. (2020). Development of a novel gene signature in patients without Helicobacter pylori infection GC. J. Cell. Biochem. 121, 1842–1854. doi: 10.1002/jcb.29419

Ma, B., Li, Y., and Ren, Y. (2020). Identification of a 6-lncRNA prognostic signature based on microarray re-annotation in GC. Cancer Med. 9, 335–349. doi: 10.1002/cam4.2621

Ma, J. X., Yang, Y. L., He, X. Y., Pan, X. M., Wang, Z., and Qian, Y. W. (2019). Long noncoding RNA MNX1-AS1 overexpression promotes the invasion and metastasis of GC through repressing CDKN1A. Eur. Rev. Med. Pharmacol. Sci. 23, 4756–4762. doi: 10.26355/eurrev_201906_18057

Matsuoka, T., and Yashiro, M. (2014). The role of PI3K/Akt/mTOR signaling in gastric carcinoma. Cancers 6, 1441–1463. doi: 10.3390/cancers6031441

Prensner, J. R., and Chinnaiyan, A. M. (2011). The emergence of lncRNAs in cancer biology. Cancer Discov. 1, 391–407. doi: 10.1158/2159-8290.CD-11-0209

Ransohoff, J. D., Wei, Y., and Khavari, P. A. (2018). The functions and unique features of long intergenic non-coding RNA. Nat. Rev. Mol. Cell. Biol. 19, 143–157. doi: 10.1038/nrm.2017.104

Song, L., Wang, X. Y., and He, X. F. (2019). A 5-gene prognostic combination for predicting survival of patients with GC. Med. Sci. Monit. 25, 6313–6320. doi: 10.12659/MSM.914815

Tapia, O., Riquelme, I., Leal, P., Sandoval, A., Aedo, S., Weber, H., et al. (2014). The PI3K/AKT/mTOR pathway is activated in GC with potential prognostic and predictive significance. Virchows Arch. 465, 25–33. doi: 10.1007/s00428-014-1588-4

Wang, D. G., Chen, G., Wen, X. Y., Wang, D., Cheng, Z. H., and Sun, S. Q. (2015). Identification of biomarkers for diagnosis of GC by bioinformatics. Asian Pac. J. Cancer Prev. 16, 1361–1365. doi: 10.7314/apjcp.2015.16.4.1361

Wang, H., Wu, X., and Chen, Y. (2019). Stromal-immune score-based gene signature: a prognosis stratification tool in GC. Front. Oncol. 9:1212. doi: 10.3389/fonc.2019.01212

Wang, Y., Huang, T., Sun, X., and Wang, Y. (2019). Identification of a potential prognostic lncRNA-miRNA-mRNA signature in endometrial cancer based on the competing endogenous RNA network. J. Cell. Biochem. 120, 18845–18853. doi: 10.1002/jcb.29200

Wang, Y., Zhang, J., Chen, X., Gao, L., and Gu, Q. (2020). Circ_0001023 promotes proliferation and metastasis of gastric cancer cells through miR-409-3p/PHF10 axis. Onco Targets Ther. 13, 4533–4544. doi: 10.2147/OTT.S244358

Wei, M., Liu, B., Su, L., Li, J., Zhang, J., Yu, Y., et al. (2010). A novel plant homeodomain finger 10-mediated antiapoptotic mechanism involving repression of caspase-3 in GC cells. Mol. Cancer Ther. 9, 1764–1774. doi: 10.1158/1535-7163.MCT-09-1162

Weichert, W., Ullrich, A., Schmidt, M., Gekeler, V., Noske, A., Niesporek, S., et al. (2006). Expression patterns of polo-like kinase 1 in human GC. Cancer Sci. 97, 271–276. doi: 10.1111/j.1349-7006.2006.00170.x

Xiong, Y., Wang, R., Peng, L., You, W., Wei, J., Zhang, S., et al. (2017). An integrated lncRNA, microRNA and mRNA signature to improve prognosis prediction of colorectal cancer. Oncotarget 849, 85463–85478. doi: 10.18632/oncotarget.20013

Xu, M. D., Dong, L., Qi, P., Weng, W. W., Shen, X. H., Ni, S. J., et al. (2016). Pituitary tumor-transforming gene-1 serves as an independent prognostic biomarker for GC. GC 19, 107–115. doi: 10.1007/s10120-015-0459-2

Xu, Y., Ma, H., Yu, H., Liu, Z., Wang, L. E., Tan, D., et al. (2013). The miR-184 binding-site rs8126 T>C polymorphism in TNFAIP2 is associated with risk of GC. PLoS One 8:e64973. doi: 10.1371/journal.pone.0064973

Yang, L., Zhang, S., Guo, K., Huang, H., Qi, S., Yao, J., et al. (2019). miR-125a restrains cell migration and invasion by targeting STAT3 in GC cells. Onco Targets Ther. 12, 205–215. doi: 10.2147/OTT.S168454

Yang, Z. X., Lu, C. Y., Yang, Y. L., Dou, K. F., and Tao, K. S. (2013). MicroRNA-125b expression in gastric adenocarcinoma and its effect on the proliferation of GC cells. Mol. Med. Rep. 7, 229–232. doi: 10.3892/mmr.2012.1156

Zhang, P., Wu, W., Chen, Q., and Chen, M. (2019). Non-coding RNAs and their integrated networks. J. Integr. Bioinform. 16:20190027. doi: 10.1515/jib-2019-0027

Zhang, X., Zhang, M., Wang, G., Tian, Y., and He, X. (2018). Tumor promoter role of miR647 in GC via repression of TP73. Mol. Med. Rep. 18, 3744–3750. doi: 10.3892/mmr.2018.9358

Zhang, Y., Gao, J. S., Tang, X., Tucker, L. D., Quesenberry, P., Rigoutsos, I., et al. (2009). MicroRNA 125a and its regulation of the p53 tumor suppressor gene. FEBS Lett. 583, 3725–3730. doi: 10.1016/j.febslet.2009.10.002

Zheng, X., Wang, X., Zheng, L., Zhao, H., Li, W., Wang, B., et al. (2020). Construction and analysis of the tumor-specific mRNA-miRNA-lncRNA network in gastric cancer. Front. Pharmacol. 2020:11. doi: 10.3389/fghar.2020.01112

Zhu, X., Tian, X., Yu, C., Shen, C., Yan, T., Hong, J., et al. (2016). A long non-coding RNA signature to improve prognosis prediction of GC. Mol. Cancer 15:60. doi: 10.1186/s12943-016-0544-0

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Cui, Wang, Ning, Shao, Tan, Li, Zhong, Mi, Zhang and Jin. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/cross.jpg
3,

i





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Identification of a Novel Prognostic Signature for Gastric Cancer Based on Multiple Level Integration and Global Network Optimization



		INTRODUCTION



		MATERIALS AND METHODS



		Expression Data Sources



		Protein-Protein and miRNA-Target Interactions



		Screening GC Specific Survival-Related RNA Relations



		Network-Based Random Walk Algorithm



		Enrichment Analysis







		RESULTS



		The Workflow of This Study



		Calculating IRW Score for Screening Candidate Prognostic Signatures



		The Survival Predictive Power of lncRNA-miRNA-mRNA Combinations



		The Functional and Network Analysis for miR-22, PHF10, and LINC00592



		The Expression Pattern of PHF10 in GC Formation and Clinical Events







		DISCUSSION



		DATA AVAILABILITY STATEMENT



		AUTHOR CONTRIBUTIONS



		SUPPLEMENTARY MATERIAL



		FOOTNOTES



		REFERENCES

















OPS/images/fcell-09-631534-g003.jpg
IRW result

P ekt 18 INcRNAs
o0 . 26 genes
~ 56 miRNAs
risking\ score/=
Zcoe e ®EXP, .+ coefg e exp, +coef,, sexp,,
C -
miRNA
400 %
o
300 Mo %8
=
Count 200 SNEE
SR H
N~ oL g n<
100 S=EBE
LEge
EQ2
[
w
-

-log10(P-value)

D .
5 ENSG00000234869+ 11:: ENSG00000234869+X+hsa-mir-377
- PHF10+ o
hsa-mir-377  ~| " O e e e e B e e e o
23|V coxP-value =2.67E-05 g ¥ ¥ ¥ ¥ ¥ ¥ ¥ F ¥
o iz B FFFFSSSSS
= . ——— [ - / ’ / / / /
%; Y 2 8| X+PHF10+hsa-mir-377
3 s T > 6
3s & SRR o B R i o
2- 3 2z
0 1000 2000 3000 L o ‘ - : ; : : ‘ ‘
Survival Time (days) q?? § S Q?Q S (§ § S é? Y
------------------------------------------ ’ 7 / 7 N N N ~ ~ o
1 Significant value <0.05 T FHi0ex
\ 6006 / g 208 5| ENSG00000234869+PFH10+X
AN &
0+ 4
i P & 2
All Inc-gene-miR combinations ol
PRESEF S
IncRNA
800 % C
Count 400 X
Count 406 ENSG00000234869
ENSG00000232959+#4
200

#top5 in IRW score





OPS/images/cover.jpg
frontiers
in Cell and Developmental Biology

|dentification of a Novel
Prognostic Signature for Gastric
Cancer Based on Multiple Level
Integration and Global Network
Optimization





OPS/images/fcell-09-631534-g004.jpg
Running enrichment score Running enrichment score

Running enrichment score

-0.2

-0.4

-0.6

0.4

0.3

0.2

0.1

0.0

=0,1
0.6

0.3

0.0

-0.3

Adrenergic signaling in cardiomyocytes

cGMP-PKG signaling pathway
Neuroactive ligand-receptor interaction
Oxytocin signaling pathway
Ribosome

hsa-mir-22

Cell cycle

Circadian entrainment

Herpes simplex virus 1 infection
Oxytocin signaling pathway
Vascular smooth muscle contraction

LINC00592

Propanoate metabolism

Focal adhesion

Glyoxylate and dicarboxylate metabolism
Human papillomavirus infection
Nucleotide excision repair

2500 10000

5000 7500
Rank in Ordered Dataset

12500

Cc

Direct interaction Indirect interaction

All Prognositic All Prognositic
hsa-mir-22 401 29 106 7
PHF10 7 1 59 9
LINC00592 2 1 315 36
/
GPR78 (0.80)  XBP1 (-0.18) GSE38749

CGB3 (0.70) 1.00
ANXAB8L1 (0.69)
ZBED2 (0.68)

CNGB1 (0.66)

TSSK2 (-0.18)
TREX1 (-0.17)
TNFRSF6B (-0.16)
SOX10 (-0.16)

o
oy
3

Log rank p = 0.006

>
3
@®
O
o
0.0.50 .
ARRB2 c_g : uniCox p =0.012
HDAC2 SMARCB1 é 1 :- HR =10.26
a 0.25 :
N e
/ 0.00
AR-c::eQ/——TERF1 0 20 Time 40 60

== Low PHF10 expression
=t= High PHF10 expression

hsa-mir-34a
HGS
KRT40 NCK1
A TARBP2
i CCT3 RBBP6
SMARCD2 'S_T‘?M_Q _______ Y
A e TOM1L1
ARC 1 GELSRz 3
acte—
H3BP2
BZW1 NAJC21
SMARCC1 '
CCT2
ST13
hsa- BOD1L1
UBE4B
SNW1 USP38
ERBB2 HSPH1

ARIH1

ANP32B KRT18 crep FPRIR

CDCS————— g{1aRGH
ARCB——— ooro

b RO1A / - N
// \ {_ymiRNA . risk
YAP1 . N .
- __igene [ protective |

PBRM1

PRDX1 USHBP1

ESR1 NUCB2 TNIP2





OPS/images/fcell-09-631534-g005.jpg
A Disease Summary for PHF10

Cancer
'S

Analysis Type by Cancer Normal

Bladder Cancer

Brain and CNS Cancer
Breast Cancer
Cervical Cancer
Colorectal Cancer
Esophageal Cancer
Gastric Cancer

Head and Neck Cancer
Kidney Cancer
Leukemia

Liver Cancer

Lung Cancer
Lymphoma

Melanoma

Myeloma

Other Cancer

Ovarian Cancer
Pancreatic Cancer
Prostate Cancer
Sarcoma

Significant Unique Analyses 9 2
Total Unique Analyses 380

1 5 10 10 5 1
EEOCOOE .
0
Cell color is determined by the best gene rank
percentile for the analyses within the cell.
NOTE: An analysis may be counted in more than
one cancer type.

log2(TPM+1)

o

[&)]

Expression of PHF10 across TCGA cancers(with tumor and normal samples)

i it
I

—

—_-—
[—

———

TCGA samples






OPS/images/fcell-09-631534-g006.jpg
log2 median-centered ratio

Expression of PHF10 in STAD based on individual cancer stages

Transcript per million

PHF10 Expression in Chen Gastric

Gastric Mixed Adenocarcinoma vs. Normal

P-value: 2.40E-10
t-Test: 11.912
Fold Change: 2.639

Legend
1.Gastric Mucosa (29)
2.Gastric Miwed Adenocarcinoma (8)

100 =
Normal-vs-Stage3
4.459600E-02
80 =
— —
T I : —
60 I I I I
1 I |
1 |
40 m
20=
1 : 1
—
i —_ L
0
Normal Stagel Stage2 Stage3 Stage4
(n=34) (n=18) (n=123) (n=169) (n=41)

TCGA samples

log2 median-centered ratio

E

Transcript per million

PHF10 Expression in Chen Gastric

Gastric Intestinal Type Adenocarcinoma vs. Normal

P—valu.e: 2.11E-19
t-Test: 12.144
. Fold Change: 2.381

1 2

Legend
1.Gastric Mucosa (29
2.Gastric Intestinal Type Adenocarcinoma

Expression of PHF10 in STAD based on patient's gender

100 =
Normal-vs-Female
3.278500E-02
80 =
' I I
60 = |
| 1
|
40 J
20 =
| 1
— L .
0
Normal Male Female
(n=34) (n=268) (n=147)
TCGA samples

Transcript per million

log2 median-centered ratio

F

PHF10 Expression in DErrico Gastric
Gastric Intestinal Type Adenocarcinoma vs. Normal

50 -
4.5
2 .
35 .
25
2.0 | .
15 | P-value: 8.89E-14
1.0 | t-Test: 9.746
05 Fold Change: 2.121
0.0 I 1 5
Legend

1.Gastric Mucosa (31)
2.Gastric Intestinal Type Adenocarcinoma

Expression of PHF10 in STAD based on patient's age

100 =
Normal-vs-Age(61-80Yrs)
3.591800E-02
80 = T ——
| I
| T ' '
5 | | -~
7 | | |
1
40 =
20 = I 1 I
* L —
0
Normal 21-40Yrs 41 - 60 Yrs 61-80Yrs 81 - 100 Yrs
(n=34) (n=4) (n=128) (n=253) (n=25)
TCGA samples







OPS/images/fcell-09-631534-g007.jpg
C;
b Circ_001023/miR-409-3p/PHF10

Normal stomach







OPS/images/logo.jpg
, frontiers
in Cell and Developmental Biology





OPS/images/fcell-09-631534-g001.jpg
interaction analysis

nodeX nodeX

nodeY

N
i ; HR group LR group

mMiRNA expression

miRNA-driven

|
e

——1 IncRNA-driven

gene uniCox analysis miR1[ 0.2
expression [==========--> g1 [0.1
Inc1 | 0.0
<
&
INncRNA " @Co
expression &
STAD ceRNA Seed nodes
network =3 6 @






OPS/images/fcell-09-631534-g002.jpg
B KEGG enrichment results by risk genes

IncRNA

0 1 2 3 4

-log10(PValue)

2

- ECM-receptor interaction

0 1 2 3 4
HR
mMiRNA

mir-20a +° Mir-125a (125b)
©
®

(29¢) ® ___mir-34b (34a)
mir-200b T e
° —~e

HR

40 30 20 10

- Complement and coagulation cascades

- Malaria

- PI3K-Akt signaling pathway

- Amoebiasis

- Ras signaling pathway

- Focal adhesion

- AGE-RAGE signaling pathway in diabetic
- MAPK signaling pathway

- Phospholipase D signaling pathway

- Renin secretion

p.adjust
- Phagosome
- Rap1 signaling pathway 0.001
- TGF-beta signaling pathway 0.002
- Relaxin signaling pathway 0.003
0.004

- Neuroactive ligand-receptor interaction
- Gastric cancer

0
mir-22**
C mir-125a**
0 0.02 \/ /" mir-126*
— BCL2** ~_ mir-29a**
MYC** ——mir-184*
TP73**\
F>F>|\/|1A*§_/2 o
PHF10**—/ o
17 (0

LINC00592**
S

non 75
protective .
risk \“teg(atea





OPS/images/fcell-09-631534-e000.jpg
41
P (1—1) WP + P






