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Colorectal cancer (CRC) is a malignant tumor with high morbidity and mortality worldwide. Recent studies have shown that long noncoding RNAs (lncRNAs) play an important role in almost all human tumors, including CRC. Competitive endogenous RNA (ceRNA) regulatory networks have become hot topics in cancer research. Tumor-infiltrating immune cells (TICs) have also been reported to be closely related to the survival and prognosis of CRC patients. In this study, we used the lncRNA–miRNA–mRNA regulatory network combined with tumor immune cell infiltration to predict the survival and prognosis of 598 CRC patients. First, we downloaded the lncRNA, mRNA, and miRNA transcriptome data of CRC patients from The Cancer Genome Atlas (TCGA) database and identified differentially expressed genes through “limma” package of R software. The ceRNA regulatory network was established by using the “GDCRNATools” R package. Then, univariate Cox analysis and least absolute shrinkage and selection operator analysis were performed to identify the optimal prognostic network nodes, including SRPX, UST, H19, SNHG7, hsa-miR-29b-3p, and TTYH3. Next, we analyzed the differences in 22 types of TICs between 58 normal subjects and 206 CRC patients and included memory CD4 T cells, dendritic cells and neutrophils in the construction of a prognostic model. Finally, we identified the relationship between the ceRNA prognostic model and the infiltrating immune cell prognostic model. In conclusion, we constructed two prognostic models that provide insights on the prognosis and treatment strategy of CRC.
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INTRODUCTION

Colorectal cancer (CRC) is one of the most common malignant tumors that seriously threatens human health. Approximately 1.9 million new cases occur worldwide each year, and approximately 935,000 people die of CRC, which has become the second leading cause of cancer death (Sung et al., 2021). In the last decade, progress has been made in the diagnosis and treatment of CRC, but the overall survival (OS) rate of patients has not improved significantly. Prognostic biomarkers can be used for disease stratification, which can also help formulate treatment strategies for CRC.

At present, the common biomarkers such as kirsten rat sarcoma viral oncogene homolog (KRAS), v-raf murine sarcoma viral oncogene homolog B (BRAF), microsatellite stability (MSI), mismatch repair deficiency (dMMR), and carcinoembryonic antigen (CEA) were wildly used to guide clinical practice (Koulis et al., 2020). In addition, epigenetic alterations are involved in CRC carcinogenesis (Picardo et al., 2019; Rodriguez-Casanova et al., 2021). A various of genes involved epigenetic alterations were identified as potential prognostic biomarkers or therapeutic targets in recent years (Picardo et al., 2019). In particular, some drugs targeting epigenetic modifications were developed astherapeutic molecularagainst CRC (Patnaik and Anupriya, 2019). Among these epigenetic alterations, preliminary studies have demonstrated that non-coding RNAs such as long noncoding RNAs(lncRNAs) and miRNAs play crucial roles in prognosis and diagnosis of CRC (De Robertis et al., 2018; Chai et al., 2020; Yu et al., 2021).

Long noncoding RNAs are defined as noncoding RNAs longer than 200 nucleotides, and they have been reported to be abnormally expressed in various types of cancer cells and play a vital role in the occurrence and progression of cancer (Xiao et al., 2018; Li et al., 2019; Ni et al., 2019; Wei et al., 2019). In addition, lncRNAs are considered effective diagnostic biomarkers in cancer (Chao and Zhou, 2019; Xu et al., 2020). In recent years, many studies have elaborated the function of the lncRNA-mediated competitive endogenous RNA(ceRNA) network in the progression of many cancers (Le et al., 2019; Long et al., 2019). The ceRNA network has also been reported to be related to CRC (Wang et al., 2019). However, most of these studies have not established a prognostic model for CRC.

Mounting evidence indicates that the occurrence of tumors is a complex and dynamic process associated with various cellular and noncellular factors within the tumor microenvironment (TME) (Belli et al., 2018; Terrén et al., 2019). The TME can regulate cancer progression (Lee and Cheah, 2019), and cancer-infiltrating immune cells within this environment have been reported to have value in predicting cancer prognosis (Krempski et al., 2011). Infiltrating immune cells have been used as prognostic biomarkers for various cancers (Jochems and Schlom, 2011; Ladányi, 2015; Liu et al., 2017). Studies focusing on infiltrating immune cells help to predict the prognosis of patients and formulate more effective treatment strategies.

Systematic research has not been performed for the ceRNA network and tumor immune microenvironment in large-scale cohorts with CRC. In this study, we constructed a ceRNA network prognostic model and tested the accuracy of the model. Then, we established an infiltrating immune cell prognostic model that also functions in CRC patients. In addition, we explored the relationship between the ceRNA prognostic model and the infiltrating immune cell prognostic model.



MATERIALS AND METHODS


Data Acquisition and Processing

The transcriptome data of CRC patients were downloaded from the TCGA-COAD and TCGA-READ projects in the Cancer Genome Atlas(TCGA) database, including mRNA, lncRNA, and miRNA expression data. Matching clinical information was also downloaded from the database, including the patient’s age, sex, survival time, and survival state. Patients who survived less than 30 days and had incomplete clinical information were excluded. The clinical characteristics of patients with colorectal cancer shown in Table 1.


TABLE 1. Clinical characteristics of patients with colorectal cancer (CRC) in The Cancer Genome Atlas (TCGA).
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Immune infiltration data were collected from the CIBERSORT1 database, which contains abundance data for 22 types of tumor-infiltrating immune cells: plasma cells, memory B cells, naive B cells, CD8 T cells, resting memory CD4 T cells, activated memory CD4 T cells, naive CD4 T cells, regulatory T cells, follicular helper T cells, resting NK cells, gamma delta T cells, monocytes, activated NK cells, M2 macrophages, M1 macrophages, M0 macrophages, resting dendritic cells, resting mast cells, eosinophils, activated dendritic cells, neutrophils, and activated mast cells. We combined the TCGA-ID of CRC patients with the patient’s immune cell abundance to obtain the immune cell infiltration abundance and survival data of each patient for subsequent analysis.



Differentially Expressed RNA Analysis and ceRNA Network Construction

The“limma” package of R software was utilized to identify the differentially expressed RNAs between cancer and normal tissues. Differentially expressed RNAs with | fold change (FC)| > 2 and p < 0.05 were considered statistically significant. Differentially expressed genes were visualized using the “Pheatmap” package of R software. Then, a ceRNA network between lncRNA-miRNA interactions and miRNA-mRNA interactions was constructed by using GDC RNA Tools. Cytoscape software was used to visualize the ceRNA regulatory network.



Assessing the Prognosis-Related Genes in the ceRNA Network and Constructing a Prognostic Model

First, we merged the patient’s expression data and survival data. Univariate Cox regression analysis was used to identify prognosis-related genes in the ceRNA network of all CRC patients. Then, we utilized least absolute shrinkage and selection operator analysis(LASSO) Cox regression analysis to identify the genes with the best prognostic value. The expression of genes and the regression coefficients obtained in the regression model were used to calculate the patients’risk scores. The calculation formula is as follows.
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Where n, i, coefficient, and expression valuerepresent the number of selected genes, gene number, regression coefficient value, and gene expression value, respectively. Based on the risk score, the patients were divided into high-and low-risk groups. The log-rank test was used to analyze the survival status of the two groups. The accuracy of the prognostic model was evaluated by receiver operating characteristic (ROC) curve analysis. In addition, we randomly divided all patients into two sets: validation set 1 and validation set 2 at a rate of 3:7. Using a previously obtained model, the randomly selected validation sets 1 and 2 were verified by the survival curve and ROC curve.



Independent Prognostic Value of the Risk Model

Univariate and multivariate Cox regression analyses were performed to explore the independent prognostic value of the risk model. The risk score and different clinicopathologic features of each patient were used to predict the prognosis of patients with CRC. The “rms” R package was used to construct a nomogram to predict patient survival by using the independent prognostic factor. The calibration curve in the “survival” R package was used to assess the accuracy of the nomogram.



Evaluation of Immune Cell Infiltration

TheCIBERSORT algorithm was used to calculate the tumor-infiltrating immune cells. The root mean squared error and p-value were counted for each sample file to improve the accuracy of the deconvolution algorithm. Only p < 0.05 was filtered and selected for further analysis, and the algorithm used a default signature matrix for 1,000-loop computation. The Wilcoxon rank-sum test was used to analyze the difference in the amount of immune cell infiltration in normal and tumor samples. The “Pheatmap” package was used to visualize the infiltration of immune cells in each sample. The Pearson correlation test was used to test the correlation of each type of immune cell. The correlation matrix was constructed based on the Pearson correlation coefficient to test the correlation of each type of immune cell by using R software.



Correlation Analysis of Immune Cell Infiltration With Clinical Characteristics

Samples with accurate estimates of immune cell infiltration abundance were used for subsequent analysis. The clinical information of CRC patients in TCGA database, including survival time and survival status, was combined with the abundance of immune cell infiltration. Then, a survival analysis was performed on the filtered immune cells and the correlation between immune cell infiltration and clinicopathological characteristics was evaluated.



Construction of a Prognostic Model by Tumor Immune Cell Infiltration

Constructing a prognostic model by tumor immune cell infiltration was similar to constructing a risk model using a ceRNA regulatory network. First, Kaplan-Meier survival analysis was used to evaluate the relationship between the abundance of immune cell infiltration and the overall survival of the patient. Then, univariate Cox regression analysis was used to identify prognosis-related infiltrating immune cell types. LASSO regression analysis was then performed to confirm the best candidate immune cell types to construct the model. Based on the Cox analysis, a nomogram was constructed with the regression coefficients.



Statistical Analysis

Data were processed and analyzed by using Perl (5.30.1) and R (version 3.6.2) software. Kaplan-Meier survival curves with log-rank tests were applied for survival analysis. The Wilcoxon signed-rank test was used to identify differentially expressed RNAs.



RESULTS


Identification of Differentially ExpressedGenes in CRC Patients and Establishmentof the ceRNA Network

To identify the differentially expressed genes involved in CRC, after the data were standardized through the “limma” package, we performed a differential analysis of transcriptome data. A total of 2,150 mRNAs and 1,028 lncRNAs were differentially expressed in 51 and 647 tumor samples. Among them, 945 mRNAs were downregulated and 1,205 were upregulated (Figures 1A,B) and 760 lncRNAs were upregulated and 268 were downregulated (Figures 1C,D). In addition, a total of 296 miRNAs were differentially expressed in 11 normal samples and 616 cancer samples, of which 201 were upregulated and 95 were downregulated, as shown in Figures 1E,F. Based on the database data contained in the R package and the prediction and calculation of the relationship between miRNA–mRNA and lncRNA–miRNA, we obtained the lncRNA–miRNA–mRNA regulatory network. Then, we combined the two relational pairs obtained above and visualized them by using Cytoscape software. There were 518 edges and 344 nodes in this network, including 244 mRNAs, 22 lncRNAs, and 78 miRNAs (Figure 2).
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FIGURE 1. Differential expressed genes. The “limma” package of R was utilized to identify the differentially expressed genes. Heat map and Volcano map was plotted to visualize the differentially expressed mRNAs (A,B), lncRNAs (C,D), and miRNAs (E,F). Red dots represent up-regulation and green dots represent down-regulation of differential expressed genes.
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FIGURE 2. Competitive endogenous RNA (CeRNA) network of Differential expressed RNAs. GDC RNA Tools was used to construct ceRNA network. CeRNA regulatory network was visualized by using Cytoscape software. The red color genes represent differential expressed long noncoding RNAs(lncRNAs). The blue represent differential expressed miRNAs. The pink represent differential expressed mRNAs. Strings indicated the interaction among these genes. hazard ratio (HR) value >1 means that the gene is a high-risk gene, and HR < 1 means a low-risk gene.




Identify Prognostic-Related Genes in the ceRNA Network and Establish a Prognostic Model

To identify the genes related to patient survival in the ceRNA network, we combined the survival status and survival time of each patient with gene expression data. A univariate Cox regression analysis identified thirteen candidate survival-associated genes (ABCB6, AGAP3, CBX6, DSN1, H19, hsa-miR-130a-3p, hsa-miR-29b-3p, SNHG7, SRPX, STX1A, TNS1, TTYH3, and UST) (Figure 3A). Then, we conducted LASSO regression analysis to determine the genetic model with the best prognostic value. The Lasso coefficient profile plot was produced against the log(k) sequence, and the minimizedk method resulted in 11 optimal coefficients (Figures 3B,C). After filtering via the multivariate Cox regression analysis, we obtained a prognostic model based on six genes (H19, hsa-miR-29b-3p, SNHG7, SRPX, TTYH3, and UST) (Figure 3D). The correlation coefficients and hazard ratios of the genes in the model are shown in Table 2.
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FIGURE 3. By using univariate Cox regression analysis, we identified thirteen survival-associated genes in the our ceRNA network (A). Lasso coefficient profiles of the 13 prognosis-associated genes from the discovery dataset (B). Partial likelihood deviance of variables revealed by the Lasso regression model (C). Finally, six genes were included for the establishment of prognostic model (D).



TABLE 2. Coefficients and multivariable Cox model results for competitive endogenous RNA(ceRNA) regulator network in CRC.
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Validation of the Predictive Performance of the Prognostic Model

Based on the median risk score in the risk model, patients were divided into a low-risk group (n = 299) and a high-risk group (n = 298). By using the log rank test, we plotted survival curves and found that patients in the low-risk group had better OS than those in the high-risk group (Figure 4A). The survival rates for the low-risk group and high-risk group were 86.2% (3-years),75.2% (5-years), 70.1% (3-years), and 48.5% (5-years), respectively. Then, a ROC curve was constructed to verify the accuracy of the model. The AUC value confirmed that the identified prognostic model was efficient for predicting OS in CRC patients (Figure 4B). According to the patient’s risk score, we ranked the patients and analyzed their distribution (Figure 4C). After sorting the patients by risk score, we observed that there were fewer deaths among patients in the low-risk group than the high-risk group. As the risk score increased, an increasing number of patients died. In addition, people in the low-risk group had longer survival times than those in the high-risk group (Figure 4D). The heat map shows that risk-related genes were overexpressed in the high-risk group of patients (Figure 4E). To further validate the predictive performance of the prognostic model, we randomly divided 597 patients into two subgroups: validation set 1 (dataset 1: n = 179) and validation set 2 (dataset 2: n = 418). We found that high-risk patients in the two subgroups had a better survival probability (p < 0.001) (Figures 5A,C). The AUC values in the two subgroups were 0.804 and 0.632 at 5 years (Figures 5B,D). After sorting the patients by risk score, we also observed that fewer patients died in the low-risk group than the high-risk group (Figures 5E–H). Similarly, the expression of six prognostic genes was higher among patients in the high-risk group (Figures 5I,J). Colon cancer and rectal cancer are reported to have different gene expression patterns (Gao et al., 2017). To further explore whether our prognostic model have a good performance in both of the colon cancer and rectal cancer, we grouped our samples into the colon cancer sub-group and rectal cancer sub-group. We found that our prognostic model has a good efficiency in both of these two groups. Our resultsfurtherillustratedthe prognostic model canbeappliedintodifferent types of colorectal cancer. The result was exhibited in Supplementary Figure 1. These results indicated that the predictive performance of the prognostic model is reliable in patients with CRC.
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FIGURE 4. Performance of prognostic model. Log rank test was performed to plot survival probability of low-risk and high-risk patients (A). Receiver operating characteristic (ROC) curve was constructed to verify the accuracy of the model (B). The expression of genes and the regression coefficients obtained in the regression model were used to calculate the patients’ risk scores. Green dots represent risk score for low-risk patients; red dots represent risk score for high-risk patients (C). The relationship between survival status and risk score. The abscissa represents the number of patients, and the ordinate is the risk score. Red dots represent dead patients, green dots are living patients (D). Heatmap were plotted to identify the expression of six prognostic related genes between low risk and high risk colorectal cancer (CRC) patients (E).
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FIGURE 5. Validation of the prognostic model. Survival probability of low-risk and high-risk patients in validation set 1 and set 1, respectively (A,C). ROC curve was constructed to verify prognostic value of the prognostic index in validation set 1 and set 1, respectively (B,D). Risk ranking and the survival time based on risk ranking in two sets (E–H). Heatmap was used to identify six prognostic related gene expression between low-risk and high-risk group in validation sets (I,J).




Independent Prognostic Value of the Risk Model

Our results show that the risk model can predict patient survival well. To further explore the independent prognostic value of the risk model, we first used a univariate Cox regression analysis to determine the hazard ratio of clinical features. We observed that T stage (p < 0.001), M stage (p < 0.001), Nstage (p = 0.005), stage (p < 0.001), and risk score (p < 0.001) were significantly correlated with prognosis (Figure 6A). Then, we analyzed the independent prognostic value of the risk model by using multivariate analysis, and the results showed that stage (p < 0.001) and risk score (p < 0.001) were significantly correlated with prognosis (Figure 6B). These findings indicate that the risk score can be an independent prognostic biomarker for predicting patient survival. Meanwhile, to better predict the prognosis of patients with CRC at different years after diagnosis, we constructed a new nomogram based on gene expression. The higher the total score of the patient, the worse the prognosis (Figure 6C). The calibration curve confirms the accuracy of the nomogram (Figure 6D).


[image: image]

FIGURE 6. Independent prognostic value of the risk model. Univariate Cox regression analysis and multivariate Cox analysis was performed to verify the independent prognostic value of the risk model (A,B). Nomogram graph was plotted to predict patients’ survival time (C). Calibration curve of the nomogram (the horizontal and vertical axes represent the predicted survival probability and the actual survival probability, respectively; red segments separately represent the 3-years survival rate in the group with the highest consistency) (D).




Tumor Infiltrating Immune Cells in the TME

Reports have indicated that infiltrating immune cells in the TME are accompanied by cancer development (Zalocusky et al., 2018). Infiltrating immune cells are used as biomarkers for the immunotherapy response in many cancers (Chen et al., 2020). However, the function of every type of infiltrating immune cell in cancer development and the underlying mechanism still need further exploration. After removing samples that might be computationally inaccurate, we identified the proportion of 22 types of infiltrating immune cells in the 264 CRC patients mentioned above (Figure 7A). Then, we analyzed the correlation of all 22 immune infiltrating cells (Figure 7B). The heat map shows the amount of immune cell infiltration in the CRC samples (Figure 7C). Compared with normal tissue, the number of infiltrating immune cells, such as M2 macrophages, M0 macrophages, and B cells, was much higher. However, fewer immune infiltrating cells, such as resting mast cells, were observed in the tumor tissues (Figure 7D). In addition, we evaluated the relationship between immune infiltrating cells and patients’ clinical characteristics. We compared the number of infiltrating immune cells among patients with different clinical characteristics. We found that patients over 65 years old have more M0 macrophages and fewer plasma cells. Patients with different disease stages also had corresponding proportions of infiltrating immune cells (Figures 8A–M). These results indicated that infiltrating immune cells in the TME participated in the initiation and progression of cancer.
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FIGURE 7. Tumor infiltrating immune cells in the tumor microenvironment (TME). CIBERSORT algorithm was used to calculate level of 22 Tumor infiltrating immune cells in CRC patients (A). The correlation matrix of 22 types of Tumor infiltrating immune cells in CRC (B). The “Pheatmap” package was used to visualize the infiltration of immune cells in CRC patients (C). Difference in the proportion of 22 Tumor infiltrating immune cells between Normal tissue and Tumor tissue (D).
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FIGURE 8. Survival analysis was performed to evaluate the correlation between immune cell infiltration and 152 clinicopathological characteristics. Correlation between immune cell infiltration and clinicopathologic features of patients (A–M). The three horizontal lines in each picture means mean ± SD.




Identification of Prognosis-Related Infiltrating Immune Cells and Establishment of a Prognostic Model

By using Kaplan-Meier analysis, we found that patients with lower proportions of dendritic cells and memory CD4 T cells were identified to have poor survival (Figures 9A,B). To identify prognosis-related infiltrating immune cells, we conducted LASSO regression and univariate Cox regression analyses by using the“glmnet” package in R software. The results showed that activated memory CD4 T cells, resting dendritic cells and neutrophils were superior in predicting patient prognosis (Figures 9C–E). Then, we constructed a risk model using the regression coefficient and infiltration of immune cells. Based on the results, patients were divided into a low-risk group (n = 103) and a high-risk group (n = 103). As the survival curve showed, patients in the high-risk group had significantly worse survival than patients in the low-risk group (Figure 10A). ROC curves were used to verify the accuracy of the model (Figure 10B). Then, according to the risk score, patients were ranked from low risk to high risk (Figure 10C). After ranking the patients by risk score, we observed that there were fewer deaths among patients in the low-risk group than among those in the high-risk group. As the risk score increased, more patients died (Figure 10D). In addition, patients with more tumor infiltrating immune cells had lower risk scores (Figure 10E). To more precisely predict the prognosis of patients with CRC at 1, 2, and 3 years, we constructed a new nomogram using OS-related variables (memory activated CD4 T cells, resting dendritic cells, and neutrophils). The nomogram results showed that the higher the level of immune cell infiltration, the better the survival rate of the patient (Figure 10F). The calibration curve confirms the accuracy of the nomogram (Figure 10G).
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FIGURE 9. Identification of the prognostic related infiltrating immune cells and establish a prognostic model. Kaplan-Meier analysis was performed to identify survival probability of patients with different activation of Dendritic and T cells CD4 memory (A,B). Lasso regression was conducted to identify prognostic related Tumor infiltrating immune cells. Lasso coefficient profiles of the 22 Tumor infiltrating immune cells. Partial likelihood deviance of variables revealed by the Lasso regression model (C,D). Multivariate Logistic regression analysis of infiltrating immune cells. p < 0.05 indicates a significant correlation between genes and prognosis, HR value >1 means that the immune cells infiltrating is a high-risk gene, and HR < 1 means a low-risk immune cells infiltrating (E).
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FIGURE 10. Performance of the infiltrating immune cells prognostic model. Survival analysis was plotted to visualize survival probability of low-risk and high-risk patients (A). ROC curve was used to verify the accuracy of the model (B). Distribution of groups based on the risk score (C). Survival status of patients in different groups (D). Heatmap was plotted to visualize 3 prognostic related infiltrating immune cells between low-risk and high-risk patients (E). Nomogram graph was used to predict patients’ survival time (F). Calibration curve of the nomogram (G).




Relationship Between the ceRNA Prognostic Model and the Infiltrating Immune Cell Prognostic Model

To determine the relationship between the two prognostic models, a correlation test was performed to explore the correlation between six prognostic genes and three prognostic infiltrating immune cells. We found that neutrophils were positively related to SRPX (Figures 11A,B), which might mean that the higher the expression of SRPX, the higher the infiltration abundance of immune cells. These two indicators may serve as prognostic biomarkers for CRC patients and could eventually be applied to formulate personalized targeted therapy.
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FIGURE 11. Correlation test was performed to explorecorrelation between ceRNA prognostic model and infiltrating immune cells prognostic model (A). The correlation matrix of the elements in two prognostic models. The correlation between Neutrophils and SRPX (B).




DISCUSSION

Colorectal cancer is one of the most common malignant tumors in humans. Despite continuous advancements in diagnosis and treatment, CRC accounts for approximately 10% of all cancers and cancer-related deaths worldwide each year. Biomarkers have crucial functions in the diagnosis and treatment of cancer patients, including CRC patients. For cancer patients with early-stage disease, biomarkers can be used as a detection method to identify susceptibility or early-stage disease. For patients with advanced cancer, biomarkers can be used as therapeutic targets to improve the survival time of patients. Although relevant biomarkers have been identified in CRC, more effective biomarkers for the future development of prognosis in CRC are needed.

In this study, we constructed a ceRNA network prognostic model and an infiltrating immune cell prognostic model. First, the expression profiles of 597 patients based on TCGA data were obtained. The differential expression of 1,028 lncRNAs, 2,150 mRNAs, and 296 miRNAs were identified. A ceRNA network among these differentially expressed genes was constructed using GDC RNA Tools. Then, we integrated matched clinical EC data and obtained thirteen candidate survival-associated genes. The“Glmnet” package was used to identify the six genes with the best prognostic value (H19, hsa-miR-29b-3p, SNHG7, SRPX, TTYH3, and UST) and establish the prognostic model. Most of these genes have been reported to regulate cancer progression. Yang et al. (2018) reported that lncRNA H19 promotes the migration and invasion of colon cancer cells by activating the MAPK signaling pathway. In addition, Ding et al. (2018) found that the lncRNA H19/miR-29b-3p/PGRN axis promoted the EMT in CRC cells by acting on Wnt signaling. Shan et al. (2018) reported that lncRNA SNHG7 can function as a ceRNA to promote the proliferation and liver metastasis of CRC. Yang Li also found that lncRNA SNHG7 played an oncogenic role by regulating the PI3K/Akt/mTOR pathway by competing for endogenous miR-34a and GALNT7 in CRC (Li et al., 2018). SNHG7 has also been identified as a gene with potential prognostic and diagnostic value in CRC (Hu et al., 2019). These findings suggest that genes in our prognostic model play crucial roles in CRC. In addition, the prognostic model was proved to have a good efficiency in colon cancer and rectal cancer, respectively. In our prognostic model, the 1-, 2-, and 3-year survival rates for CRC patients can be predicted based on the risk score. The AUC value confirmed the efficiency of our prognostic model in predicting OS for CRC patients. The accuracy of the model was also tested in two subgroups. Then, we used univariate and multivariate regression analyses and found that the prognostic model can be an independent prognostic biomarker in predicting patient survival outcomes. These results indicated that our prognostic model functions in CRC patients.

The immune system plays an important role in the development of cancer. Mounting evidence shows that the TME, including macrophages, neutrophils and T cells, plays a crucial role in the occurrence and development of cancer, including CRC. The TME, especially cancer-infiltrating immune cells, has been reported to participate in cancer prognosis (Li et al., 2017). The composition of tumor infiltrating immune cells (TIICs)varies with the immune status of the host and has potential prognostic value (Sato et al., 2013; Zhang et al., 2019). A recent report indicated that ceRNA network is associated with immune infiltration in colorectal cancer (Chen et al., 2021). They identified prognosis related lncRNAs and analyzed the relationship between the expression of mir4435-2hg, ELFN1-AS1 and immune infiltration. Our result also revealed the correlation between ceRNA network and immune infiltration, but in our prognostic model, we identified all the prognostic related lncRNAs, mRNAs, and miRNAs in the ceRNA network for the first time. We established the prognostic model by lasso regression. The prognostic model was further confirmed be used as an independent prognostic indicator. In addition, we identified prognostic related immune infiltration cells and constructed the immune infiltration model. The results showed that the proportion of tumor-infiltrating immune cells (activated memory CD4 T cells, resting dendritic cells, and neutrophils) was negatively correlated with the patient risk score. ROC curves were tested to verify the accuracy of the model. In addition, we determined the relationship between the ceRNA prognostic model and the infiltrating immune cell prognostic model. Neutrophilswere positively related to SRPX, which may indicate that the higher the expression of this gene, the higher the degree of immune cell infiltration. SRPX has been reported to regulate cancer-associated fibroblasts to promote the invasiveness of ovarian carcinoma (Liu et al., 2019). However, whether SRPX can modulate immunity to control cancer progression and whether it can replace the depth of neutrophil infiltration remain unclear, and further research is needed.

In summary, our study constructed a prognostic model of the ceRNA network and an infiltrating immune cell prognostic model for CRC. These two models can accurately predict the prognosis of patients with CRC. These results provide insights for predicting the prognosis of cancer patients and might have crucial value for exploring new cancer diagnosis methods and treatment strategies.
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