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Objective: This study was conducted in order to construct a competitive endogenous RNA (ceRNA) network to screen RNA that plays an important role in colon cancer and to construct a model to predict the prognosis of patients.

Methods: The gene expression data of colon cancer were downloaded from the TCGA database. The difference was analyzed by the R software and the ceRNA network was constructed. The survival-related RNA was screened out by combining with clinical information, and the prognosis model was established by lasso regression. CIBERSORT was used to analyze the infiltration of immune cells in colon cancer, and the differential expression of immune cells related to survival was screened out by combining clinical information. The correlation between RNA and immune cells was analyzed by lasso regression. PCR was used to verify the expression of seven RNAs in colon cancer patients with different prognoses.

Results: Two hundred and fifteen lncRNAs, 357 miRNAs, and 2,955 mRNAs were differentially expressed in colon cancer. The constructed ceRNA network contains 18 lncRNAs, 42 miRNAs, and 168 mRNAs, of which 18 RNAs are significantly related to survival. Through lasso analysis, we selected seven optimal RNA construction models. The AUC value of the model was greater than 0.7, and there was a significant difference in the survival rate between the high- and low-risk groups. Two kinds of immune cells related to the prognosis of patients were screened out. The results showed that the expression of seven RNA markers in colon cancer patients with different prognoses was basically consistent with the model analysis.

Conclusion: We have established the regulatory network of ceRNA in colon cancer, screened out seven core RNAs and two kinds of immune cells, and constructed a comprehensive prognosis model of colon cancer patients.
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INTRODUCTION

Colon cancer is a common tumor with high incidence in the world and ranks third in terms of mortality rate (Sung et al., 2005; Siegel et al., 2017). Colon cancer originates from intestinal epithelial cells in the colon. Its pathogenesis is influenced by many factors such as heredity (family history), environment, microorganism, living habits (excessive drinking, lack of exercise, high-fat and high-sugar diet), and inflammatory bowel disease (Johns and Houlston, 2001; Meyerhardt et al., 2003; Huxley et al., 2009; Terzić et al., 2010; Watson and Collins, 2011). Colorectal cancer is characterized by rapid metastasis and difficult treatment. Therefore, it is one of the diseases causing huge social and medical burden (Huxley et al., 2009; Watson and Collins, 2011). At present, the 5-year survival rate of regional and local colon cancer treated by various tests and surgical operations has been as low as 71% and 90%. However, for colon cancer with metastasis, the 5-year survival rate is only 14% (American Cancer Society Cancer Facts, 2019). More importantly, 25% of colon cancer patients have metastasis during diagnosis, and about 50% of colon cancer patients will eventually metastasize (Vatandoust et al., 2015). The causes of these serious consequences may be related to the effectiveness of the current treatment scheme. The current standard cancer treatment is surgical resection, radiotherapy, and chemotherapy (O’eilly et al., 1997). Therefore, it is very important to find a more effective treatment.

Long intergenic non-coding RNAs (lincRNAs) are non-coding RNAs with a length of more than 200 nucleotides (FANTOM Consortium et al., 2002; Guttman and Rinn, 2012). Most lincRNAs are located in the nucleus and only 15% are in the cytoplasm (Kapranov et al., 2007). As a competitive endogenous RNA (ceRNA), long non-coding RNA (lncRNA) can reduce the activity of microRNA (miRNA) and upregulate the expression of downstream genes regulated by miRNA through chelation (Tay et al., 2014). Studies have shown that ceRNA plays an important role in colon cancer, rectal cancer, glioma, bladder urothelial carcinoma, and other diseases (Qi et al., 2015; Xu et al., 2015). For example, lncRNA malat1 can induce the development of colon cancer by regulating the mir-129-5p/HMGB1 axis (Wu et al., 2018). At present, there are not many studies on the analysis of colon cancer by the ceRNA regulatory network. Therefore, it is of great significance to predict the prognosis of patients with colon cancer from the direction of ceRNA.

In this study, we screened out lncRNA, miRNA, and mRNA differentially expressed in colon cancer by analyzing a public database. Combined with several prediction databases, we constructed the key ceRNA network in colon cancer, and combined with clinical information, screened out seven RNAs closely related to the survival of patients with colon cancer. These seven RNAs can predict the prognosis of patients with colon cancer. Our results provide a promising therapeutic target and novel insights for the prediction and treatment of colon cancer.



MATERIALS AND METHODS


Data Acquisition and Difference Analysis

From the Cancer Genome Atlas (TCGA1), the gene expression matrix and clinical information of 451 patients with colon cancer were obtained. The original data were normalized by robust multi-array average (RMA), and then the normalized value was log2 transformed. The normalized data were used for differential expression analysis. Differential expression gene analysis based on the limma function package of R language (version 3.5.2, the same below) was used to screen differentially expressed genes based on the absolute value of log 2FC > 1 and FDR ≤ 0.05.



Construction and Model Construction of the ceRNA Network

We used the “GDCRNATools” package (Li et al., 2020) to integrate lncRNAs, miRNAs, and mRNAs differentially expressed in colon cancer. Referring to the starBase database, we associated the possible binding RNAs to construct the ceRNA network in colon cancer. According to the survival time of the patients, we screened out the RNAs in the ceRNA network that were significantly related to the prognosis of patients. Using lasso regression analysis, the risk score of each sample was calculated by the following formula:
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where Coefi is the risk factor of each factor calculated by the lasso–Cox model, and xi is the expression value of each factor, which in this study refers to the expression value of mRNA. Then, r-packet survival, survminer, and bilateral log-rank tests were used to determine the optimal cutoff value of the risk score. According to the cutoff value, patients were divided into low-risk and high-risk groups. We selected the best seven RNAs to construct the model.



Model Validation and Nomogram Model Evaluation

We used the model in patients with colon cancer to test the overall survival rate of different groups based on the Kaplan–Meier method with R language survival package and survminer package and used the log-rank test to test the significance of survival rate difference between different groups. Time-dependent receiver operating characteristic (ROC) curve was drawn with R language survivalROC package (Heagerty et al., 2000). A multivariate Cox regression model was used to analyze whether risk score could predict the survival of patients with colon cancer independently of other factors. Nomogram is widely used to predict the prognosis of cancer. In order to predict the 1-, 3-, and 5-year survival probability of the patients, we established a nomogram based on all independent prognostic factors determined by multivariate Cox regression analysis, drew a nomogram calibration curve, and observed the relationship between nomogram prediction probability and actual incidence.



Calculation of Immune Cell Infiltration Ratio and Tumor Purity

We used the software CIBERSORT (Newman et al., 2015) to calculate the relative proportion of 22 kinds of immune cells in each sample. According to the gene expression matrix, the CIBERSORT software uses the preset 547 barcode genes to represent the composition of immune-infiltrating cells by deconvolution algorithm. The sum of all estimated proportions of immune cell types in each sample is equal to 1. The R language estimate function package (Yoshihara et al., 2013) is used to calculate the tumor purity of each cancer sample. According to the results of CIBERSORT analysis, we analyzed and visualized the results of immune-infiltrating cells and drew the histogram of 22 kinds of immune cell infiltration in tumor tissues. The relationship between the expression levels of 22 kinds of immune cells in the samples was analyzed, and the correlation analysis chart of immune cells was drawn. The difference of the infiltration of immune cells in cancer tissues and normal tissues adjacent to cancer was compared, and the thermogram of immune cells and the violin diagram of difference analysis were drawn.



Correlation Analysis of Immune Cells and Clinical Features

In order to explore the correlation between immune cells and the clinical stage, the data of immune cell expression and clinical stage were combined to analyze the relative expression of 22 kinds of immune cells in the T1–T4 stages. The expression data of the 22 kinds of immune cells were combined with survival data, and immune cell survival analysis (KM) was drawn, respectively.



Construction and Validation of the Immune Cell Model

Firstly, the immune cell types that are significantly related to the prognosis of patients are preliminarily screened out through single-factor Cox regression analysis. Then, lasso regression analysis was used to remove the overfitting of the model, and the risk score of each sample was calculated by the following formula:
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where Coefi is the risk factor of each factor calculated by the lasso–Cox model, and Xi is the expression value of each factor, which in this study refers to the relative expression of immune cells. Then, r-packet survival, survminer, and bilateral log-rank tests were used to determine the optimal cutoff value of the risk score. According to the cutoff value, patients were divided into low-risk and high-risk groups, and then the optimal immune cell was selected for model construction. Similarly, we validated the model using a data set containing the prognosis data of colon cancer patients, estimated the overall survival rate of different groups based on the Kaplan–Meier method using the R language survival package and survminer package, and used log-rank to test the significance of the difference in survival rate between different groups. The time-dependent ROC curve was drawn with R language survivalROC package (Heagerty et al., 2000). A multivariate Cox regression model was used to analyze whether risk score could predict the survival of patients with colon cancer independently of other factors, and finally, the most relevant immune cell types were selected. As in the previous steps, we used the nomogram model to predict 1-, 3-, and 5-year survival rates. Based on all independent prognostic factors determined by multivariate Cox regression analysis, a nomogram was established with the RMS package of the R language, and the nomogram calibration curve was drawn to observe the relationship between nomogram prediction probability and actual incidence.



Risk Correlation Analysis and Co-expression Analysis of Immune Cells

The differential expression of immune cells screened by the model in the high- and low-risk groups (divided according to the risk score related to prognosis in the previous step) was compared and analyzed, and the risk heatmap of immune cells was drawn. The prognostic-related molecules and cells selected from the previous two models were summarized, and the correlation between molecules and molecules, and between molecules and cells, was analyzed, and the results were visualized. The co-expression analysis of the related molecules and immune cells was carried out, and the correlation coefficient and P-value were calculated and plotted.



Enrichment Analysis and Protein–Protein Interaction Analysis of Prognostic Targets

The selected prognostic-related genes (lncRNA and miRNA in ceRNA are replaced by downstream target genes) and the marker genes of prognosis-related immune cells (CD16, CD32, TNF-α, MCP-1, CD86, CD64, CD80, CD8, CD205, Sirpa, CD11b, CD11, MHC II, CD45R, CD11c, TLR7, TLR9, IRF7, IRF8 and bdca2, CD1a, CD45, CD103-CD11b, CD1b, and CD1c) were analyzed. Cluster profiler R package was used for enrichment analysis, and online analysis tools of STRING2 and Metascape3 were used for protein interaction analysis.



Clinical Sample Verification

Based on data from the HPA (The Human Protein Atlas) database, the expression levels of prognostic related immune cells in tumor tissues and in normal groups of patients with I and III stages of colon cancer were detected by immunohistochemistry.



RESULTS


Construction and Model Construction of the Human Colon Cancer Cell Line CeRNA

We screened 216 differentially expressed lncRNAs, 257 differentially expressed miRNAs, and 2,955 differentially expressed mRNAs in colon cancer by limma package and drew the corresponding heatmaps and volcanic maps (Figures 1A–G). Through the GDCRNATools package and reference to the starBase database, we linked the RNA that may be combined to construct a colon cancer ceRNA network, which includes 18 lncRNAs, 41 miRNAs, and 168 mRNA (Figure 1H). Combined with the survival time of patients with colon cancer, we screened out 18 RNAs significantly related to the prognosis of patients with colon cancer (Figures 2A–R). Through lasso regression analysis, we selected seven optimal RNA construction models, namely, AGAP3, NHSL1, ENOPH1, NRG1, SNHG16, hsa-mir-1271-5p, and hsa-mir-26b-5p, to predict the prognosis of patients with colon cancer (Figures 3A–C). The high expression of AGAP3, hsa-mir-1271-5p, and hsa-mir-26b-5p was the unfavorable factor of prognosis, and the high expression of ENOPH1 and NRG1 was the favorable factor of prognosis.
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FIGURE 1. (A) Heatmap of differentially expressed lncRNAs in colon cancer. (B) Volcano map of differentially expressed lncRNAs in colon cancer. (C,D) Differentially expressed in colon cancer heatmap of miRNA. (E,F) Heatmap of differentially expressed mRNA in colon cancer. (G) Statistics of the upregulation of differentially expressed RNA. (H) Differential ceRNA regulatory network in colon cancer.
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FIGURE 2. (A–R) Survival curves of 18 RNAs that are significantly related to the prognosis of colon cancer patients.
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FIGURE 3. (A) Lasso regression analysis to screen prognostic-related genes. (B) Calculating the risk score of each patient and establishing the risk model. (C) Cox regression analysis of seven RNAs. (D) Comparison of prognostic differences between the high- and low-risk groups divided by the model. (E) Evaluation efficacy of the risk model at 1, 3, and 5 years. (F) Visual display of the nomogram patient prognosis evaluation model. (G) A 3-year evaluation efficacy of the nomogram model.




Model Validation and Nomogram Model Evaluation

We used the model to divide colon cancer patients into high-risk and low-risk groups. Survival analysis showed that the survival rate of the high-risk group was significantly lower than that of the low-risk group (Figure 3D). Through the ROC curve analysis, we can see that the AUC values of the 3- and 5-year survival ROC curves of this model are greater than 0.7, indicating that the accuracy of this model is very high (Figure 3E). Then, the nomogram model was constructed according to the risk factors screened by the model, and the model was visualized as a nomogram to evaluate the correlation between the seven target molecules screened by the prognostic model and the prognosis of patients (Figures 3F,G).



Infiltration of Immune Cells

The proportion of immune cell infiltration in tumor tissues was visualized and a histogram was drawn (Figure 4A). The relationship between the expression levels of the 22 kinds of immune cells in the tumor samples was analyzed, and the correlation analysis chart of immune cells was drawn (Figure 4B). Differences in the infiltration of immune cells in cancer tissues and normal tissues adjacent to cancer were compared. The thermogram of immune cells and the violin diagram of difference analysis were drawn (Figures 4C,D).
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FIGURE 4. (A) Histogram of the infiltration ratio of the 22 immune cells in tumor tissue. (B) Correlation analysis of the respective expression levels of the 22 immune cells in the tumor sample. (C) Heatmap of the difference of immune cell infiltration between cancer tissue and normal tissue adjacent to cancer. (D) Violin image of the difference of immune cell infiltration difference between cancer tissue and normal tissue adjacent to cancer.




Correlation Analysis Between Immune Cells and Clinical Features

The relative expression of the 22 kinds of immune cells in the T1–T4 stages of patients is shown in Figures 5A–V. We analyzed the differences in the expression of the 22 kinds of immune cells and the survival effect of patients. We found that patients with a high expression of macrophage M1 cells had a better prognosis than patients with a low expression of macrophage M1. The prognosis of patients with a high expression of dendritic cells of activated status was better than that of patients with low expression (Figures 6A–H).
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FIGURE 5. (A–V) Relative expression of the 22 immune cells in the T1–T4 stages of patients.
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FIGURE 6. (A–H) Results of prognostic difference analysis of patients with high and low expression of immune cells.




Construction and Validation of the Immune Cell Model

In combination with the survival time of patients with colon cancer, lasso and Cox regression analyses were used to further determine that macrophages M1 and activated dendritic cells are the most significantly correlated with the prognosis of patients with colon cancer, and a prognosis model was established based on these two immune cells (Figures 7A–D). The results of ROC analysis showed that the AUC values of the ROC curves for the 3- and 5-year survival rates were greater than 0.7, indicating that the accuracy of the model was very high (Figure 7E). The nomogram model validation results are similar (Figure 7F).
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FIGURE 7. (A) Lasso regression analysis to screen immune cells related to prognosis. (B) Calculating the risk score of each patient and establishing the risk model. (C) Cox regression analysis of two prognostic-related immune cells. (D) High and low risk of immune cell model comparison of the prognosis of patients in the group. (E) The evaluation efficiency of the risk model at 1, 3, and 5 years. (F) The visual display of the nomogram patient prognosis evaluation model.




Immunocyte Risk Thermography, Immunocyte Correlation Analysis, and Co-expression Analysis

The differential expression of the two immune cells in the high- and low-risk groups is shown in the immunocyte risk heatmap (Figure 8A). The correlation analysis of prognostic-related molecules and cells included in the two prognostic models showed that ENOPH1 had the highest correlation with the snhg16 gene (0.34). The specific correlation analysis results are shown in Figure 8B. Correlation analysis showed that the highest correlation was found between activated dendritic cells and hsa-mir-1271-5p. The co-expression analysis showed that the correlation coefficient was –0.21, P = 0.011 (Figure 8C). The strongest correlation was found between macrophage M1 cells and NRG1, with a correlation coefficient of –0.22, P = 0.006 (Figure 8D).
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FIGURE 8. (A) Heatmap of the differential expression of two immune cells in the high- and low-risk groups. (B) Prognostic-related molecules and cell correlation analysis results. (C) Dendritic cells activated and hsa-miR-1271-5p molecules. Correlation analysis results of (D) macrophage M1 cells and NRG1 molecules. (E) Bubble chart of GO enrichment analysis of prognostic-related genes. (F) Network chart of GO enrichment analysis of prognostic-related genes. (G) Circle diagram of KEGG enrichment analysis of prognostic-related genes.




Enrichment Analysis and Protein Interaction Analysis of Prognostic Targets

Eighteen prognostic-related genes and marker genes of prognosis-related immune cells were analyzed. Enrichment analysis showed that the prognosis-related genes were mainly related to biological processes such as positive regulation of immune effector process, phagocytosis, leucocyte activation involved in immune response, cell activation involved in immune response, and myeloid leukocyte activation (Figures 8E,F). Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis showed that prognosis-related genes were mainly enriched in the related signaling pathways such as hematopoietic cell lineage, tuberculosis, cell adhesion molecules (CAMs), and toll-like receptor signaling pathway (Figure 8G). The protein–protein interaction analysis results are shown in Figures 9A–C. The results show that CD80, ITGAL, ITGAX, ITGAM, ITGAE, and other genes are the core genes and interact most closely with other targets.
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FIGURE 9. (A) Protein interaction analysis results of prognostic-related genes. (B) Topological network of protein interaction analysis results. (C) Core genes screened by protein interaction analysis. qPCR detection of the seven core RNAs in phases I and III and differential expression in tissues of patients with colon cancer and normal tissues.




Clinical Sample Verification

Through immunohistochemical detection of markers of M1 macrophages and dendritic cells, we found that compared with patients with stage I colon cancer, markers of M1 macrophages are expressed in higher levels in the tumor tissues of patients with stage III colon cancer. Compared with patients with stage I colon cancer, the markers of dendritic cells are lower in the tumor tissues of patients with stage III colon cancer (Figure 10).
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FIGURE 10. Immunohistochemical detection results of the marker genes of M1 macrophages and dendritic cells.




DISCUSSION

Mortality due to colon cancer is related to the stage of the disease. The 5-year survival rate of patients with stage I can reach more than 90% (Heagerty et al., 2000; Yoshihara et al., 2013; Newman et al., 2015), but for patients with metastasis, the 5-year survival rate is only 10%–20%. Therefore, the mortality rate of colon cancer is the second highest in the world (Engelhardt et al., 2017; Peng et al., 2019). Surgical resection and chemotherapy are the routine treatment for patients with colon cancer, but in one study, patients with colon cancer after conventional treatment still showed a high recurrence rate and mortality (Weinberg et al., 2017). Therefore, it is very important to predict the prognosis of patients with colon cancer and to give individualized treatment. In this study, we identified seven kinds of mRNAs as molecular markers of prognosis in patients with colon cancer and further screened out two kinds of immune cells related to prognosis, which proved that the combination of seven RNAs and two kinds of immune cells can reliably evaluate the prognosis of patients with colon cancer.

Snhg16 has been proven to affect the viability of colon cancer cells. Silencing snhg16 can significantly increase apoptosis and reduce the migration of colon cancer cells, and snhg16 also participates in the lipid metabolism of colon cancer cells (Christensen et al., 2016). The expression of ENOPH1 was found to be increased in gliomas, while inhibition of ENOPH1 significantly reduced cell proliferation and cell migration (Su et al., 2018). NRG1 is a ligand of HER3 and HER4 receptors, which is secreted by pancreatic tumor cells. The increase of NRG1 will interfere with the effect of chemotherapy on pancreatic ductal adenocarcinoma. Therefore, anti-NRG1 may represent a new method for targeting the pancreatic matrix and cancer cells (Ogier et al., 2018). Two miRNAs, mir-1271-5p and mir-26b-5p, were found to play an important role in cancer (Khosla et al., 2019). Zhou et al. (Zhou et al., 2020) found that mir-26b-5p could inhibit the proliferation, migration, and invasion of papillary thyroid cancer in a β-catenin-dependent manner. MicroRNA-26b-5p was also found to have the ability to enhance T-cell responses by targeting Pim-2 in hepatocellular carcinoma (Lin et al., 2017; Han et al., 2019). The study suggested that lncRNA RP11-619L19.2 could promote colon cancer development by regulating the miR-1271-5p/CD164 axis (Zhang et al., 2020). Fan et al. (2020) found that upregulation of lncRNA ZFAS1 could promote lung adenocarcinoma progression by sponging miR-1271-5p and upregulating FRS2. Chen et al. (2019) found that miR-1271-5p could inhibit cell proliferation and induce apoptosis in acute myeloid leukemia by targeting ZIC2.

As the main antigen-presenting cells, activated dendritic cells have been confirmed by many studies to be related to the occurrence and development of malignant tumors (Veglia and Gabrilovich, 2017). In our study, we found that the expression of activated dendritic cells in the high-risk group was low, that is, the low expression of activated dendritic cells was associated with poor prognosis. Through further analysis, the relationship between the expression of activated dendritic cells and hsa-miR-1271-5p was found. Macrophages are the most abundant immune cells in the tumor microenvironment, which can secrete a variety of cytokines. At the early stage of tumor occurrence, it can recognize and remove tumor cells. However, with the development of tumors, it plays a key role in tumor growth, invasion, and metastasis (Cassetta and Pollard, 2018; Pathria et al., 2019). Macrophages play a “double-edged sword” role in the occurrence and development of tumors. Influenced by the cytokines in the tumor microenvironment, macrophages differentiate into different types, mainly divided into M1 type and M2 type (Orecchioni et al., 2019). In each stage of the tumor, M1 and M2 macrophages were present; the M1 type was the main type in the early stage, and the M2 type was the main type in the middle and late stages. It is generally believed that M1 TAM can release a variety of proinflammatory factors, immune-activating factors, and chemokines and play an anti-tumor role through acute proinflammatory reaction, immune activation reaction, and phagocytosis function (Travers et al., 2019; Liu et al., 2020). With the development of tumors, the M1 type gradually polarizes to the M2 type, and the increase of M2-type TAM also indicates a poor prognosis. However, our study found that macrophage M1 cells had the strongest correlation with NRG1 molecules, and macrophage M1 was highly expressed in the high-risk group, indicating that the relative proportion of increased macrophage M1 was associated with poor prognosis of patients. This may be due to the fact that our calculated expression of macrophage M1 cells is its relative expression in 22 kinds of immune cells. When its relative proportion increases, the proportion of other anti-tumor immune cells such as T cells is relatively reduced, which may be the cause of poor prognosis of patients.

There are several previous studies based on bioinformatics analysis that screen prognostic markers of colon cancer patients, but most of them only focus on the transcriptome level. However, our study focused on the effect of non-coding RNA and mRNA on the prognosis of colon cancer patients and constructed the lncRNA–miRNA–mRNA co-expression regulatory network. In our study, non-coding RNA is also included in the construction of the prognosis model, which enables our research to obtain a more scientific and reliable biological basis. In addition, we added research on the correlation between immune cells and the prognosis of patients for the first time and combined it with selected RNA molecules to comprehensively evaluate the prognosis of patients, which provided a new idea for exploring the progress of colon cancer disease and the prognosis of patients from the cellular level. Finally, we used a large number of tissue samples from patients with different clinical stages to verify the differential expression of seven RNA molecules. The experimental results were basically consistent with the prediction results of our model, which confirmed the reliability of the research conclusion and the effectiveness of the seven RNA molecules as prognostic biomarkers.



CONCLUSION

In general, our study constructed the differentially expressed ceRNA network of colon cancer patients, screened out seven RNA molecules significantly related to the survival of patients, and successfully constructed the prognosis evaluation model of patients. We further screened two kinds of immune cells related to the prognosis of patients and constructed the corresponding prognosis evaluation model, combined with seven RNA molecules to predict the prognosis of patients with colon cancer more accurately and comprehensively. The results showed that the expression of seven RNA markers in colon cancer patients with different prognoses was basically consistent with the predicted results of the model, which further demonstrated that these biomarkers we screened can effectively evaluate the prognosis of patients with colon cancer.
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