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Colorectal cancer (CRC) manifests as gastrointestinal tumors with high intratumoral heterogeneity. Recent studies have demonstrated that CRC may consist of tumor cells with different consensus molecular subtypes (CMS). The advancements in single-cell RNA sequencing have facilitated the development of gene regulatory networks to decode key regulators for specific cell types. Herein, we comprehensively analyzed the CMS of CRC patients by using single-cell RNA-sequencing data. CMS for all malignant cells were assigned using CMScaller. Gene set variation analysis showed pathway activity differences consistent with those reported in previous studies. Cell–cell communication analysis confirmed that CMS1 was more closely related to immune cells, and that monocytes and macrophages play dominant roles in the CRC tumor microenvironment. On the basis of the constructed gene regulation networks (GRNs) for each subtype, we identified that the critical transcription factor ERG is universally activated and upregulated in all CMS in comparison with normal cells, and that it performed diverse roles by regulating the expression of different downstream genes. In summary, molecular subtyping of single-cell RNA-sequencing data for colorectal cancer could elucidate the heterogeneity in gene regulatory networks and identify critical regulators of CRC.
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INTRODUCTION
Colorectal cancer (CRC) is a widespread cancer that accounts for almost 10% of all cancer-related deaths (Sung et al., 2021). CRC is characterized by gastrointestinal tumors with high intratumoral heterogeneity (Budinska et al., 2013), and previous studies have identified important clinical subtypes using the accumulated gene-expression profile data (Schlicker et al., 2012; De Sousa et al., 2013; Marisa et al., 2013; Sadanandam et al., 2013). For instance, the mesenchymal-like subgroup shows a high degree of stromal infiltration and a poor response to standard chemotherapy (De Sousa et al., 2013; Sadanandam et al., 2013; Song et al., 2016; Trinh et al., 2017), resulting in a poor prognosis (Isella et al., 2015). On the basis of gene-expression analysis of nearly 4,000 primary tumors, Guinney et al. (2015) classified CRC into four consensus molecular subgroups (CMS1 to CMS4), and these categorizations have received extensive attention. CMS1 shows high immune infiltration and activation levels, along with microsatellite instability (MSI-H). CMS2 is defined by WNT and MYC pathway activation with poor intratumoral immune-cell infiltration. CMS3 is associated with KRAS mutations and reflects metabolic dysregulation with higher activity in glutaminolysis and lipidogenesis (Stintzing et al., 2016). CMS4 presents with the highest stromal infiltration and activation of epithelial–mesenchymal transition (EMT), making it resistant to chemotherapy. Recent studies have demonstrated that these tumors are highly heterogeneous, and that a single patient sample may consist of cells with multiple subtypes (Yeo and Guan, 2017). Thus, the intratumoral heterogeneity of CRC should be investigated to facilitate precision medicine.
Single-cell RNA sequencing (scRNA-seq) can help quantify the transcriptome status of tumor tissue at a single-cell resolution, facilitating evaluations of genetic heterogeneity. For example, Karaayvaz et al. (2018) adopted scRNA-seq to reveal a distinct subpopulation of epithelial cells in the tumor microenvironment (TME) that could be associated with the long-term survival of triple-negative breast cancer (TNBC) patients. Zhang et al. (2020) performed scRNA-seq analyses on the stromal and immune populations from patients with CRC and identified specific conventional dendritic cells (cDCs) and macrophage subsets as key mediators of cellular crosstalk in the tumor microenvironment. scRNA-seq analysis has also ushered in considerable development. Using scRNA-seq data, Iacono et al. (2019) constructed gene regulation networks (GRNs) with a global regulatory model, which could be helpful for elucidating the heterogeneity of gene regulatory networks and identifying critical regulators.
In this study, we comprehensively analyzed the CMS of CRC patients by using single-cell RNA-seq data. The malignant cells were identified by inferred copy number variation (CNV), and the CMS were assigned using CMScaller for all malignant cells. Gene set variation analysis (GSVA) showed consistent pathway activity differences among subtypes in previous studies. Cell–cell communication analysis based on ligand–receptor interactions confirmed that the CMS1 was more closely related to immune cells, and monocytes and macrophages play dominant roles in the CRC tumor microenvironment. On the basis of the constructed GRNs for each subtype, we identified that the critical transcription factor (TF) ERG was universally activated and upregulated in all CMS in comparison with normal cells. The dysregulation of ERG exerts diverse effects by regulating the expression of different downstream genes, which could be associated with the gene regulatory network heterogeneity and tumor progression of CRC. Further analysis of The Cancer Genome Atlas (TCGA) dataset confirmed the worse prognostic phenotype of CMS4 and the immune infiltration status of CMS1 and revealed the high heterogeneity of the bulk tumor sample.
MATERIALS AND METHODS
Data Collection and Processing
We downloaded the scRNA-seq data of nine CRC patients (P0825, P1212, P1228, P0104, P0305, P0411, P0413, P0720, and P0728) from the GEO dataset (https://www.ncbi.nlm.nih.gov/geo/) with the accession ID GSE146771 (Zhang et al., 2020). The data were then normalized according to the flowchart mentioned by Sun et al. (2021) The gene-expression profiles and clinical information of TCGA CRC patients were downloaded from the UCSC Xena Browser (https://xenabrowser.net/datapages/). The proteome data of the CRC patients were downloaded from the CPTAC dataset (https://cptac-data-portal.georgetown.edu/).
Identification of Malignant Epithelial Cells and CMS
We inferred the CNVs for 1,123 epithelial cells from the scRNA-seq dataset by using the “infercnv v1.6.0” R package (https://github.com/broadinstitute/infercnv). Cells derived from normal samples were used as a control reference for CNV inference. After inferring the CNVs for all cells, the cells were clustered into two subgroups, and the cluster with the higher CNV standard deviation was renamed as malignant cells. Then, we classified the malignant cells into four subtypes based on their expression profiles by using the R package “CMScaller v2.0.1.” (Eide et al., 2017) The cells that could not be assigned to any subgroup were removed.
Cell–Cell Communication Analysis
The immune and stromal-cell annotations were curated from a previous study (Zhang et al., 2020). To investigate the communications among all cell types, including the four subtypes of tumor cells, immune cells, and stromal cells, we applied the Python package “CellPhoneDB” (Efremova et al., 2020) to estimate the potential ligand–receptor pairs. The pairs with p < 0.05 were considered to show significant interactions between 2 cell types and were evaluated for further analysis.
GSVA Analysis and Pathway Enrichment Analysis
The cancer hallmark and KEGG pathways were downloaded from the MSigDB (Liberzon et al., 2015). GSVA analysis for each cell was performed using the R package “GSVA v1.38.2.” (Hänzelmann et al., 2013) Pathway enrichment analysis of a specific set of genes was performed by using the R package “clusterProfiler v3.18.1.” (Yu et al., 2012).
Construction of GRNs
We constructed subtype-specific GRNs for normal endothelial cells and the four CMS. First, we identified the significantly co-expressed TF-target pairs based on gene-expression profiles, and then, we removed genes that were not enriched in the binding motifs of the corresponding TF for each TF-target pair. To minimize the false-discovery rate, we used only the remaining TF-target pairs with an ES > 1. The co-expression analysis and motif-enrichment analysis were performed using the Python package “pySCENIE.” (Aibar et al., 2017) The GRN network was visualized by “Cytoscape” software (Shannon et al., 2003).
Critical Regulator Identification
To identify the critical regulators that play important roles in the GRN of each subtype, we adopted five measurements to evaluate the centrality of each node, as mentioned previously (Iacono et al., 2019). These measurements were PageRank, degree, eigenvalue, betweenness, and closeness. Then, we transferred the scores of each measurement into rank levels. The final score of each node was defined as the sum of all five sorted indicators. A lower score indicated higher centrality, which represented the importance of a selected node.
Survival Analysis
The log-rank test that compares the survival differences of two groups at each observed event time was performed by the R “survival v3.2-11” package (https://cran.r-project.org/web/packages/survival). Kaplan-Meier analysis was applied to obtain a survival curve plot of CRC subtypes.
Immune-Cell Abundance and Tumor Purity
CIBERSORT (Chen et al., 2018) was used to retrieve the immune-cell components in CRC samples on the basis of the gene-expression profiles of TCGA samples. The immune infiltration, stromal infiltration, and tumor purity were evaluated using the R package “estimate v1.0.13.” (Yoshihara et al., 2013).
RESULTS
CMS of CRC Patients
Using the gene-expression profile data and metadata from the scRNA-seq dataset, we inferred the CNVs for 1,123 epithelial cells. These epithelial cells were then classified into 913 malignant and 211 non-malignant cells. As shown in Figures 1A,B, the malignant cells displayed a relatively higher standard deviation of the CNV than the non-malignant cells. Next, we applied t-Distributed Stochastic Neighbor Embedding (t-SNE) to perform dimension reduction for all cells derived from these patients, and the immune-cell and stromal-cell annotation were curated from a previous study (Zhang et al., 2020). Malignant cells showed distinct boundaries with the other cells (Figure 1C). As expected, B-cells highly expressed markers such as MS4A1 and CD79A; T cells exhibited significant upregulation of markers such as CD3E, CD4, CD3G and CD8A; CD33, and CD14 were significantly elevated in monocytes and macrophages (Supplementary Figure S1).
[image: Figure 1]FIGURE 1 | Cell composition of CRC patients (A) Heatmap of the inferred CNVs across 1,123 epithelial cells (B) Standard deviation of the CNVs of the cells in each cluster (C) t-SNE plot of the scRNA-seq data (D) CMS composition of each CRC patient (E) Heatmap of the markers’ expression in each subgroup.
We then assigned CMS for all malignant cells by using CMScaller. Malignant cells were classified into four well-known molecular subtypes: CMS1, CMS2, CMS3, and CMS4 (Supplementary Table S1). A total of 659 cells were assigned to the different subgroups, and 254 cells did not belong to any subgroup. We found that genes that showed significantly different expression levels in different subtypes had a certain degree of commonality, but many genes also belonged to distinct subtypes (Figure 1D and Supplementary Figure S2). After mapping the cells to the patients, we found that almost none of the patients contained only one subtype of cells (Figure 1E and Supplementary Figure S2). As shown in the figure, P0825 and P0413 exhibited relatively higher numbers of CMS1 cells, while P0411 and P0728 showed more CMS2 cells. These results confirm that CRC is a highly heterogeneous tumor, and that a patient sample may consist of cells with multiple subtypes.
The Python CellPhoneDB package was used to investigate the cell–cell crosstalk in the tumor microenvironment of CRC (Figure 2A). The number of ligand–receptor pairs presented in Figure 2B and Supplementary Figure S3 suggests that monocytes and macrophages play dominant roles in the CRC tumor microenvironment (Supplementary Table S3). The CMS1 subtypes are more closely related to immune cells than the other subtypes (Chi-square test p-value, CMS1:CMS2 = 1.40e-20; CMS1:CMS3 = 1.54e-13; CMS1:CMS4 = 7.38e-25), consistent with the definition that CMS1 shows high immune infiltration and activation levels. To reveal the cells’ activity in the hallmark and Kyoto Encyclopedia of Genes and Genomes (KEGG) gene sets, we performed GSVA analysis for each cell to evaluate the pathway activities (Supplementary Table S4). As shown in Figure 2C, CMS1 was defined by microsatellite instability (MSI-H) status, and CMS1 subgroup cells showed significantly higher DNA repair pathway activity. CMS2 was defined by WNT and MYC pathway activation with poor intratumoral immune-cell infiltration, and the WNT signaling activity was elevated in the CMS2 subgroup. CMS4 showed the highest stromal infiltration, and the activation of the EMT pathway made it resistant to chemotherapy, with the EMT pathway activity score being significantly higher than those in the other subgroups (Figure 2D).
[image: Figure 2]FIGURE 2 | Cell-cell interaction and pathway activity analysis (A) Cell-cell interaction network of different cell types. The node size represents the number of interactions. The width of the edge represents the number of significant ligand-receptor interactions in the 2 cell types (B) Cell-cell interaction network of CMS and other cells (C) Differences in the enrichment of the pathways across the five molecular subtypes (D) Violin plots of GSVA enrichment scores of the EMT pathway of the four molecular subtypes.
Construction of GRNs for Each Subgroup
The TF-target regulation network could help researchers clarify potential dysfunctional regulators in cancer. To identify the key regulators that play critical roles in CRC, we constructed subtype-specific GRNs for normal epithelial cells and four CMS. We identified the significantly co-expressed TF-target pairs based on gene-expression profiles and removed genes that were not enriched in the binding motifs of the corresponding TF for each TF-target pair. To minimize the false-discovery rate, we only used the remaining TF-target pairs with an enrichment score (ES) of >1 (Supplementary Table S5). The occurrences of TFs and the constructed GRNs for each subtype are shown in Supplementary Figures S4,5. We found that different subtypes share some of the same target genes and TF-target pairs; they also have their own specific regulatory relationships (Supplementary Figure S6). The key regulators of each subtype are also specific and shared. As shown in Figure 3A, the results identified 29, 38, 30, and 42 specific regulators for the CMS1, CMS2, CMS3, and CMS4 subgroups, respectively, and 28 regulators were shared by all subtypes. To define the key regulators in CRC, we adopted five methods to calculate the importance of genes in the GRNs for each subtype and normal cells (Supplementary Table S6). The combined value and GRNs of the four subtypes are displayed in Figures 3B,C. Many well-known regulators are ranked in the top 10. ELK3 elevates the expression of HIF-1α and promotes the migration of liver cancer stem cells (Lee et al., 2017). The constitutive NF-κB signaling pathway has already been proven to serve as a regulator of the immune response in several cancers (Horst et al., 2009; Sakamoto et al., 2009).
[image: Figure 3]FIGURE 3 | Functional diversity of ERG (A) Venn plot of functional TFs of the four CMS (B) The importance of TFs among all four subtypes (C) The gene regulation network of CRC samples (D) KEGG annotation of ERG-regulated genes in each subtype (E) Expression level and activity of ERG in normal samples and tumor samples (F) Survival analysis of CRC patients on the basis of ERG expression. Lower expression of ERG was associated with a better clinical outcome.
As shown in the figure, ERG was ranked the highest among the four subtypes, and it was not dominant in normal cells, indicating its potential oncogenic function in CRC. ERG shows nuclear and cytoplasmic expression in several tissues, which has been identified as a key factor for prostate cancer (Adamo and Ladomery, 2016). We found that ERG regulated diverse genes in different subtypes. KEGG pathway enrichment analysis revealed that the targets of ERG in different subtypes participated in diverse roles (Figure 3D). Based on the scRNA-seq dataset, we found that the expression level and regulon activity were significantly downregulated in normal cells (Figure 3E). Furthermore, we evaluated the expression of the ERG gene based on the CRC proteome profile in the Clinical Proteomic Tumor Analysis Consortium (CPTAC) and found a significantly higher expression level in tumor samples than in normal samples (Figure 3E). On the basis of the clinical information and gene-expression data in the TCGA dataset, we performed survival analysis to show that higher expression of ERG was associated with a poorer prognosis (Figure 3F). In conclusion, the dysregulation of ERG influences diverse targets in different CRC subtypes, which may be responsible for the intratumoral heterogeneity in CRC. Moreover, ERG gene expression was negatively correlated with patient outcomes, indicating that ERG might be a potential drug target for CRC.
The CMS Index Functions as a Biomarker of CRC
Using the markers of each subtype calculated by the scRNA-seq data, we performed GSVA analysis to determine the relative abundance of each of the CMS in TCGA samples, which we named as CMS index. On the basis of the relative CMS scores, we classified the TCGA samples into CMS1, CMS2, CMS3, and CMS4 subgroups (Supplementary Table S7); the CMS4 subgroup had the worst overall survival, as shown in Figure 4A, which is consistent with the findings of previous studies. CMS1 was defined by microsatellite instability (MSI-H) status, and we found a significantly higher tumor mutation burden (TMB) in the CMS1 subgroup (Figure 4B). We then estimated the relative immune-cell abundance of TCGA samples by using the CIBERSORT software. The CMS1 subgroup displayed significantly higher infiltration of CD8+ T cells, natural killer cells, and M1 macrophages, while CMS4 displayed a higher level of M2 macrophages (Figure 4C and Supplementary Figure S7). Previous studies have shown that CMS1 is immune-activated and CMS4 is immune-inflamed with the expression of multiple immune checkpoint inhibitors, while CMS2 shows an immune desert status and CMS3 excluded immune cells. On the basis of the ESTIMATE algorithm, we quantified the scores for stromal infiltration and immune infiltration (Figures 4D–F). CMS4 exhibited a higher level of stromal-cell infiltration, whereas CMS1 showed a high level of immune-cell infiltration. We further evaluated the functional role of the CMS index in CRC prognosis. As shown in Figure 5, the CMS scores were significantly higher in the corresponding identified CMS, and a higher CMS4 score was associated with poorer clinical outcomes. These results further confirmed the poor prognostic phenotype of CMS4 and the immune infiltration status of CMS1, and elucidated the high heterogeneity of the bulk tumor sample.
[image: Figure 4]FIGURE 4 | Immune status among the four subgroups (A) Overall survival for the four CMS (B) Tumor mutation burden among the three subtypes (C) Immune-cell infiltration among the three subtypes (D–F) The immune microenvironment among the three groups.
[image: Figure 5]FIGURE 5 | Survival analysis based on the CMS index (A) CMS index of each CMS subgroup (B) Survival analysis of CRC patients based on the CMS index.
DISCUSSION
CRC is a gastrointestinal tumor with high intratumoral heterogeneity (Budinska et al., 2013). Previous studies have identified important clinical subtypes based on accumulated data from gene-expression profiles (Schlicker et al., 2012; De Sousa et al., 2013; Marisa et al., 2013; Sadanandam et al., 2013). In this study, we comprehensively analyzed the CMS of CRC patients by using single-cell RNA-sequencing data. Malignant cells were extracted based on CNV status and then assigned to different CMS by using CMScaller. The fact that almost none of the patients showed only one subtype of cells indicated that CRC is a highly heterogeneous tumor, and a patient sample may consist of cells with multiple subtypes. GSVA analysis showed consistent pathway activity differences among the subtypes in previous studies. In the present study, cell–cell communication analysis based on ligand–receptor interactions confirmed that CMS1 subtypes are more closely related to immune cells, and that monocytes and macrophages play dominant roles in the CRC tumor microenvironment. On the basis of the constructed GRNs of each subtype, we identified that the critical TF ERG was universally activated and upregulated in all CMS in comparison with normal cells. The dysregulation of ERG performs diverse roles by regulating the expression of different downstream genes, which could be associated with the heterogeneity of the gene regulatory networks and the progression of CRC. Further analysis of the TCGA dataset confirmed the poor prognostic phenotype of CMS4 and the immune infiltration status of CMS1 and revealed the high heterogeneity of the bulk tumor sample.
Tumor heterogeneity has been the subject of many recent studies and remains a topic of interest in cancer-related research (McGranahan and Swanton, 2015; Andor et al., 2016). Although the different mutation statuses in CRC samples have been evaluated in some studies (Kim et al., 2015; Sottoriva et al., 2015), research on molecular heterogeneity within tumors remains limited. Previous studies have revealed four CMS of CRC (Guinney et al., 2015); however, the key regulators of these subtypes remain unresolved. In this study, we constructed subtype-specific GRNs to identify reliable key regulators. The findings revealed that the ERG gene was ranked the highest among the four subtypes, and it was dismissed in normal cells, indicating its potential oncogenic function in CRC. ERG shows nuclear and cytoplasmic expression in several tissues, and has been identified as a key factor in prostate cancer (Adamo and Ladomery, 2016). KEGG pathway enrichment analysis revealed that the targets of ERG in different subtypes participated in diverse roles. The dysregulation of ERG influences diverse targets in different CRC subtypes, which may be responsible for the intratumoral heterogeneity in CRC. Moreover, ERG gene expression was negatively correlated with patient outcome, indicating that ERG might be a potential drug target for CRC.
Revealing molecular abnormalities and the regulatory mechanisms in tumors based on single-cell sequencing data analysis is a major trend in future research (Stuart and Satija, 2019), and is something we have been working towards. We have made some findings based on existing data and identified a potential biomarker ERG gene, our article still has some limitations. Although ERG gene was supported as a key factor by experimental data in other cancer types, more robust experimental validation is needed in CRC. We will further validate the potential of ERG genes as drug targets in CRC based on comprehensive experiments. There is also some correlation between CMS subtypes and clinical information as previous reported (Guinney et al., 2015), but due to the limitations of single-cell data, the number of patients is too small to correlate CMS subtypes and clinical features well, and judgments from individual patients alone are prone to bias. We will continue to collect newly published data on single-cell sequencing of CRC and integrate different datasets for a more comprehensive analysis.
DATA AVAILABILITY STATEMENT
Publicly available datasets were analyzed in this study. This data can be found here: Publicly available datasets were analyzed in this study. These data can be found at: The Cancer Genome Atlas (TCGA), Datasets link: https://xenabrowser.net/datapages/. And Gene Expression Omnibus (GEO), Datasets link: https://www.ncbi.nlm.nih.gov/gds/.
AUTHOR CONTRIBUTIONS
Z-LZ and MC designed and supervised the experiments. R-QW and WZ performed experiments and data analysis. H-KY, J-MD, W-JL, and F-ZH contributed to data analysis and predictor development. R-QW wrote the manuscript with contributions from all the authors. All authors reviewed the manuscript.
FUNDING
This research was supported Research Start Project of Zhuhai People’s Hospital (No.2020ycqd001) and The Xiangshan Talented Scientific Research Project of Zhuhai People’s Hospital, 2022XSYC-02.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
ACKNOWLEDGMENTS
We would like to thank Editage (www.editage.com) for English language editing.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fcell.2021.765578/full#supplementary-material
Supplementary Figure S1 | Immune cell markers expression of the scRNA-seq dataset.
Supplementary Figure S2 | CMS subtype composition of each CRC patient.
Supplementary Figure S3 | Cell-cell interaction network of the immune cells and stromal cells.
Supplementary Figure S4 | The word cloud map indicating the degree of TFs in normal cells and four CRC subtype-specific GRNs.
Supplementary Figure S5 | GRNs of normal cells and four molecular subtypes.
Supplementary Figure S6 | (A) Venn diagram of targets of the four molecular subtype-specific GRNs. (B) Venn diagram of TF-target pairs of the four molecular subtype-specific GRNs.
Supplementary Figure S7 | Immune cells the among four subgroups.
Supplementary Table S1 | CMS subtype of scRNA dataset.
Supplementary Table S2 | Top expressed markers of different subtypes.
Supplementary Table S3 | The ligand-receptor pairs s in the CRC tumor microenvironment.
Supplementary Table S4 | KEGG and Hallmark pathways enrichment scores of different subtypes.
Supplementary Table S5 | Number of candidate TF-target regulations in five GRNs.
Supplementary Table S6 | Key regulators of normal cells and four molecular subtypes.
Supplementary Table S7 | CMS subtype and ESTIMATE scores of TCGA samples.
ABBREVIATIONS
cDC, conventional dendritic cell; CNV, copy number variation; CPTAC, Clinical Proteomic Tumor Analysis Consortium; CRC, colorectal cancer; EMT, epithelial–mesenchymal transition; ES, enrichment score; GRNs, gene regulation networks; GSVA, Gene set variation analysis; KEGG, Kyoto Encyclopedia of Genes and Genomes; MSI-H, microsatellite instability; scRNA-seq, single-cell RNA sequencing; t-SNE, t-distributed stochastic neighbor embedding; TCGA, The Cancer Genome Atlas; TF, transcription factor; TMB, tumor mutation burden; TME, tumor microenvironment; TNBC, triple-negative breast cancer.
REFERENCES
 Adamo, P., and Ladomery, M. R. (2016). The Oncogene ERG: A Key Factor in Prostate Cancer. Oncogene 35 (4), 403–414. doi:10.1038/onc.2015.109
 Aibar, S., González-Blas, C. B., Moerman, T., Huynh-Thu, V. A., Imrichova, H., Hulselmans, G., et al. (2017). SCENIC: Single-Cell Regulatory Network Inference and Clustering. Nat. Methods 14 (11), 1083–1086. doi:10.1038/nmeth.4463
 Andor, N., Graham, T. A., Jansen, M., Xia, L. C., Aktipis, C. A., Petritsch, C., et al. (2016). Pan-Cancer Analysis of the Extent and Consequences of Intratumor Heterogeneity. Nat. Med. 22 (1), 105–113. doi:10.1038/nm.3984
 Budinska, E., Popovici, V., Tejpar, S., D'Ario, G., Lapique, N., Sikora, K. O., et al. (2013). Gene Expression Patterns Unveil a New Level of Molecular Heterogeneity in Colorectal Cancer. J. Pathol. 231 (1), 63–76. doi:10.1002/path.4212
 Chen, B., Khodadoust, M. S., Liu, C. L., Newman, A. M., and Alizadeh, A. A. (2018). Profiling Tumor Infiltrating Immune Cells with CIBERSORTMethods Mol. Biol. 1711, 243–259. doi:10.1007/978-1-4939-7493-1_12
 De Sousa E Melo, F., Wang, X., Jansen, M., Fessler, E., Trinh, A., de Rooij, L. P. M. H., et al. (2013). Poor-Prognosis colon Cancer Is Defined by a Molecularly Distinct Subtype and Develops from Serrated Precursor Lesions. Nat. Med. 19 (5), 614–618. doi:10.1038/nm.3174
 Efremova, M., Vento-Tormo, M., Teichmann, S. A., and Vento-Tormo, R. (2020). CellPhoneDB: Inferring Cell-Cell Communication from Combined Expression of Multi-Subunit Ligand-Receptor Complexes. Nat. Protoc. 15 (4), 1484–1506. doi:10.1038/s41596-020-0292-x
 Eide, P. W., Bruun, J., Lothe, R. A., and Sveen, A. (2017). CMScaller: an R Package for Consensus Molecular Subtyping of Colorectal Cancer Pre-Clinical Models. Sci. Rep. 7 (1), 16618. doi:10.1038/s41598-017-16747-x
 Guinney, J., Dienstmann, R., Wang, X., de Reyniès, A., Schlicker, A., Soneson, C., et al. (2015). The Consensus Molecular Subtypes of Colorectal Cancer. Nat. Med. 21 (11), 1350–1356. doi:10.1038/nm.3967
 Hänzelmann, S., Castelo, R., and Guinney, J. (2013). GSVA: Gene Set Variation Analysis for Microarray and RNA-Seq Data. BMC Bioinformatics 14, 7. doi:10.1186/1471-2105-14-7
 Horst, D., Budczies, J., Brabletz, T., Kirchner, T., and Hlubek, F. (2009). Invasion Associated Up-Regulation of Nuclear Factor κB Target Genes in Colorectal Cancer. Cancer 115 (21), 4946–4958. doi:10.1002/cncr.24564
 Iacono, G., Massoni-Badosa, R., and Heyn, H. (2019). Single-Cell Transcriptomics Unveils Gene Regulatory Network Plasticity. Genome Biol. 20 (1), 110. doi:10.1186/s13059-019-1713-4
 Isella, C., Terrasi, A., Bellomo, S. E., Petti, C., Galatola, G., Muratore, A., et al. (2015). Stromal Contribution to the Colorectal Cancer Transcriptome. Nat. Genet. 47 (4), 312–319. doi:10.1038/ng.3224
 Karaayvaz, M., Cristea, S., Gillespie, S. M., Patel, A. P., Mylvaganam, R., Luo, C. C., et al. (2018). Unravelling Subclonal Heterogeneity and Aggressive Disease States in TNBC through Single-Cell RNA-Seq. Nat. Commun. 9 (1), 3588. doi:10.1038/s41467-018-06052-0
 Kim, T.-M., Jung, S.-H., An, C. H., Lee, S. H., Baek, I.-P., Kim, M. S., et al. (2015). Subclonal Genomic Architectures of Primary and Metastatic Colorectal Cancer Based on Intratumoral Genetic Heterogeneity. Clin. Cancer Res. 21 (19), 4461–4472. doi:10.1158/1078-0432.Ccr-14-2413
 Lee, J. H., Hur, W., Hong, S. W., Kim, J.-H., Kim, S. M., Lee, E. B., et al. (2017). ELK3 Promotes the Migration and Invasion of Liver Cancer Stem Cells by Targeting HIF-1α. Oncol. Rep. 37 (2), 813–822. doi:10.3892/or.2016.5293
 Liberzon, A., Birger, C., Thorvaldsdóttir, H., Ghandi, M., Mesirov, J. P., and Tamayo, P. (2015). The Molecular Signatures Database Hallmark Gene Set Collection. Cel Syst. 1 (6), 417–425. doi:10.1016/j.cels.2015.12.004
 Marisa, L., de Reyniès, A., Duval, A., Selves, J., Gaub, M. P., Vescovo, L., et al. (2013). Gene Expression Classification of colon Cancer into Molecular Subtypes: Characterization, Validation, and Prognostic Value. Plos Med. 10 (5), e1001453. doi:10.1371/journal.pmed.1001453
 McGranahan, N., and Swanton, C. (2015). Biological and Therapeutic Impact of Intratumor Heterogeneity in Cancer Evolution. Cancer Cell 27 (1), 15–26. doi:10.1016/j.ccell.2014.12.001
 Sadanandam, A., Lyssiotis, C. A., Homicsko, K., Collisson, E. A., Gibb, W. J., Wullschleger, S., et al. (2013). A Colorectal Cancer Classification System that Associates Cellular Phenotype and Responses to Therapy. Nat. Med. 19 (5), 619–625. doi:10.1038/nm.3175
 Sakamoto, K., Maeda, S., Hikiba, Y., Nakagawa, H., Hayakawa, Y., Shibata, W., et al. (2009). Constitutive NF-Κb Activation in Colorectal Carcinoma Plays a Key Role in Angiogenesis, Promoting Tumor Growth. Clin. Cancer Res. 15 (7), 2248–2258. doi:10.1158/1078-0432.Ccr-08-1383
 Schlicker, A., Beran, G., Chresta, C. M., McWalter, G., Pritchard, A., Weston, S., et al. (2012). Subtypes of Primary Colorectal Tumors Correlate with Response to Targeted Treatment in Colorectal Cell Lines. BMC Med. Genomics 5, 66. doi:10.1186/1755-8794-5-66
 Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D., et al. (2003). Cytoscape: A Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res. 13 (11), 2498–2504. doi:10.1101/gr.1239303
 Song, N., Pogue-Geile, K. L., Gavin, P. G., Yothers, G., Kim, S. R., Johnson, N. L., et al. (2016). Clinical Outcome from Oxaliplatin Treatment in Stage II/III Colon Cancer According to Intrinsic Subtypes. JAMA Oncol. 2 (9), 1162–1169. doi:10.1001/jamaoncol.2016.2314
 Sottoriva, A., Kang, H., Ma, Z., Graham, T. A., Salomon, M. P., Zhao, J., et al. (2015). A Big Bang Model of Human Colorectal Tumor Growth. Nat. Genet. 47 (3), 209–216. doi:10.1038/ng.3214
 Stintzing, S., Modest, D. P., Rossius, L., Lerch, M. M., von Weikersthal, L. F., Decker, T., et al. (2016). FOLFIRI Plus Cetuximab Versus FOLFIRI Plus Bevacizumab for Metastatic Colorectal Cancer (FIRE-3): A Post-Hoc Analysis of Tumour Dynamics in the Final RAS Wild-Type Subgroup of This Randomised Open-Label Phase 3 Trial. Lancet Oncol. 17 (10), 1426–1434. doi:10.1016/s1470-2045(16)30269-8
 Stuart, T., and Satija, R. (2019). Integrative Single-Cell Analysis. Nat. Rev. Genet. 20 (5), 257–272. doi:10.1038/s41576-019-0093-7
 Sun, D., Wang, J., Han, Y., Dong, X., Ge, J., Zheng, R., et al. (2021). TISCH: A Comprehensive Web Resource Enabling Interactive Single-Cell Transcriptome Visualization of Tumor Microenvironment. Nucleic Acids Res. 49 (D1), D1420–d1430. doi:10.1093/nar/gkaa1020
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA A. Cancer J. Clin. 71 (3), 209–249. doi:10.3322/caac.21660
 Trinh, A., Trumpi, K., De Sousa E Melo, F., Wang, X., de Jong, J. H., Fessler, E., et al. (2017). Practical and Robust Identification of Molecular Subtypes in Colorectal Cancer by Immunohistochemistry. Clin. Cancer Res. 23 (2), 387–398. doi:10.1158/1078-0432.Ccr-16-0680
 Yeo, S. K., and Guan, J.-L. (2017). Breast Cancer: Multiple Subtypes within a Tumor?Trends Cancer 3 (11), 753–760. doi:10.1016/j.trecan.2017.09.001
 Yoshihara, K., Shahmoradgoli, M., Martínez, E., Vegesna, R., Kim, H., Torres-Garcia, W., et al. (2013). Inferring Tumour Purity and Stromal and Immune Cell Admixture from Expression Data. Nat. Commun. 4, 2612. doi:10.1038/ncomms3612
 Yu, G., Wang, L.-G., Han, Y., and He, Q.-Y. (2012). clusterProfiler: An R Package for Comparing Biological Themes Among Gene Clusters. OMICS: A J. Integr. Biol. 16 (5), 284–287. doi:10.1089/omi.2011.0118
 Zhang, L., Li, Z., Skrzypczynska, K. M., Fang, Q., Zhang, W., O’Brien, S. A., et al. (2020). Single-Cell Analyses Inform Mechanisms of Myeloid-Targeted Therapies in Colon Cancer. Cell 181 (2), 442–459. e429. doi:10.1016/j.cell.2020.03.048
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 Wang, Zhao, Yang, Dong, Lin, He, Cui and Zhou. 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/fcell-09-765578-g005.gif





OPS/images/fcell-09-765578-g003.gif





OPS/images/fcell-09-765578-g004.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Single-Cell RNA Sequencing Analysis of the Heterogeneity in Gene Regulatory Networks in Colorectal Cancer		Introduction

		Materials and Methods		Data Collection and Processing

		Identification of Malignant Epithelial Cells and CMS

		Cell–Cell Communication Analysis

		GSVA Analysis and Pathway Enrichment Analysis

		Construction of GRNs

		Critical Regulator Identification

		Survival Analysis

		Immune-Cell Abundance and Tumor Purity





		Results		CMS of CRC Patients

		Construction of GRNs for Each Subgroup

		The CMS Index Functions as a Biomarker of CRC





		Discussion

		Data Availability Statement

		Author Contributions

		Funding

		Publisher’s Note

		Acknowledgments

		Supplementary Material

		Abbreviations

		References









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

Single-Cell RNA Sequencing
Analysis of the Heterogeneity in
Gene Regulatory Networks in
Colorectal Cancer





OPS/images/fcell-09-765578-g001.gif





OPS/images/fcell-09-765578-g002.gif









OPS/images/crossmark.jpg
©

|





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





