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Editorial on the Research Topic 


Identifying clinically relevant transcriptional signatures and methylation profiles in the course, treatment and outcome of colorectal cancer


Colorectal Cancer (CRC) is currently one of the most aggressive neoplasms with increased incidence and mortality rates in the world. Conventionally, the key therapeutic policies in CRC include surgery, chemotherapy, radiotherapy, and targeted therapy. Among these therapeutic approaches, surgery is valid for patients with lesions in the early stages of diagnosis, and 20% of CRC patients miss surgery due to metastasis. Chemotherapy is also the main treatment option for CRC patients with metastatic states. Recently, targeted therapy has improved the process of colon cancer treatment, which has resulted in remarkable improvements in progression-free survival in metastatic CRC. Finding specific biomarkers for CRC screening and treatment is the prospect of scientific biomarker development in colorectal cancer-targeted therapy. In this regard, two related topics will be detected in this volume of Frontiers in oncology; the first is the role of triggering immune system by immunotherapy to prevent or treat cancer; and the second is novel genetic and epigenetic modifications as promising biomarkers for screening, prediction of prognosis, drug response, and metastasis in CRC. Aberrant DNA methylation and dysregulation of other epigenetic markers such as histone modification, MicroRNAs (miRNAs), Long non-coding RNAs (lincRNAs), etc. have been widely recognized as the most common characteristics of epigenetic alterations in CRC, having a role in CRC patients prognosis and treatment in the early stages (Figure 1). The most important and promising prognostic factor for CRC is the stage, the lower the stage of disease finding, the better the outcome. Emerging genetic and epigenetic biomarkers within the primary or metastatic tumor that are associated with prediction, recurrence, or favorable response have served as CRC biomarkers. However, in clinical decision making, heterogeneity is a vital factor affecting biomarker identification implementation and strategies. Molecular alterations cause CRC, which is a heterogeneous disease, such as gene methylation, and driver mutations, and is affected by the TME (Tumor Microenvironment), which causes infiltrates of immune cells through pro- and anti-tumor effects. Therefore, to develop effective immunotherapeutic strategies for CRC, it is important to study the interactions between the TME and the immune system (IS).




Figure 1 | The effect of epigenetic modifications on CRC prognosis and response to immunotherapy.



Consistent changes in the expression of cell surface receptors, the presence of pro-inflammatory cytokines, chronic inflammation, and alterations in the downstream signaling pathways of Map kinase (MAPK) and TGF-β have been reported in the analysis of metastatic tumor tissue compared to the primary tumor (Holubekova et al.). Given the influence of the immune system on signal transduction pathways, it may be related to tumor-associated macrophage activity. The subsequent macrophage response supports the inflammatory and immune responses. The constant production of proinflammatory cytokines and chemokines leads to further  changes in cellular pathways. Selection of tumor clones with blocked apoptosis, and the emergence of mutations cause mutation accumulation, cell cycle errors, and uncontrolled proliferation of tumor cells. On the other hand, genetic alterations such as KRAS mutations specifically affect adaptive and innate cytokine production and the immune system (Mei et al.). In addition, different infiltrations of six immune cells (macrophages, CD8+ T cells, neutrophils, B cells, dendritic cells, and CD4+ T cells) along with the change in expression of Peroxiredoxins (PRDXs) were clinically significant for the prognostic status of CRC which potentiate to be therapeutic targets or new markers for CRC (Zhou et al., Luo et al., Chen et al.). Meanwhile, the Cancer Genome Atlas (TCGA) cohort revealed differences in Transient Receptor Potential (TRP) channel expression between normal tissues and CRC. Furthermore, a poor prognosis was reported in CRC patients with low expression of Transient Receptor Potential Cation Channel Subfamily A Member 1 (TRPA1) and overexpression of Transient receptor potential cation channel subfamily M member 5 (TRPM5) and Transient Receptor Potential Cation Channel Subfamily V Member 4 (TRPV4), with these genes being considered as hub genes. Nevertheless, more detailed research is essential to fully realizing the role of TRP channels in cancer in order to plan novel, more precise, and valuable pharmacological tools. Moreover, activation of antitumor immunity occurred through TRP channels and upregulated M1 macrophages and CD4 + activated memory T cells. As one of the defining immune markers in CRC, CD103+CD39+ T cells may be a critical factor for antitumor immunity (Luo et al.). In these studies, the perspective of the immune infiltration landscape and personalized prognostic signatures have been identified.

In parallel to immunological alterations, novel genetic and epigenetic modifications have been introduced as promissing biomarkers for screening and prediction of prognosis and drug response in CRC. Authors have indicated that successful cancer screening approaches contribute to early detection, improved prognosis, and a reduction in cancer-related deaths. In this regard, higher colorectal cancer (CRC) detection rates have been achieved through a combination of syndecan 2 (SDC2) gene methylation testing and fecal immunochemical testing (FIT) using non-invasive stool samples (Zeng et al.). The addition of the serum carcinoembryonic antigen (CEA) test to the above-combined tests further increased the detection sensitivity. Therefore, stool-methylated SDC2 along with FIT and serum CEA can be considered a sensitive screening approach for the early detection of CRC (Zeng et al.). Hypermethylated glutamate ionotropic receptor AMPA type subunit 4 (GRIA4) has also been introduced as a potential tissue-specific biomarker for the early detection of CRC (Lukacova et al.).

Metastasis is also a critical factor leading to a remarkably low survival rate. Therefore, finding reliable metastasis biomarkers is essential for cancer management. Plasma hypermethylated GRIA4 has been considered a diagnostic target for non-invasive detection of metastasis (Lukacova et al.). On the other hand, tissue hypomethylated and overexpressed importin 5 (IPO5), upregulated hsa-miR-200, hsa-miR-135b-3p, and -5p, and also downregulated hsa-miR-548 were potential epigenetic biomarkers for colorectal cancer liver metastases (CRCLMs) (Horak et al.). Deregulated genes related to PI3K/AKT and WNT signaling pathways are potential biomarkers associated with CRCLMs. To differentiate Synchronous metastatic CRC (SmCRC) from Metachronous metastatic CRC (MmCRC) epigenetic modifications such as deregulated has-miR-1269-3p and hsa-miR-625-3p may be helpful (Horak et al.). The higher mutation burden in MmCRC and the significantly downregulated SMOC2 and PPP1R9A genes in SmCRC are other markers to distinguish SmCRC from MmCRC (Horak et al.).

Predicting tumor prognosis and drug response is particularly important for treatment planning and patient management. A novel risk model signature was constructed based on three genes of m5C regulator-mediated RNA methylation modification, including NOP2/Sun RNA methyltransferase 4 (NSUN4), NSUN7, and DNA methyltransferase 1 (DNMT1) (Zhang et al.). The prediction of prognosis and response to immunotherapy in rectal cancer patients is applicable using this novel signature. SPP1-CD44 and ALCAM-CD6 are two other immunological biomarkers of poor prognosis in rectal CRC (rCRC) patients (Jie et al.).

It could be concluded that epigenomic alterations in tumor cells are precise and promising predictors of the outcome of CRC patients. In addition, combination therapy with epigenetic drugs can achieve epigenetic changes to truly improve the efficacy response of cancer patients to targeted therapy which is applicable using novel biomarker signatures.
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Background

Current stratification systems for tumor prognostic prediction and immunotherapeutic efficacy evaluation are less satisfying in colorectal cancer (CRC). As infiltrating immune cells in tumor microenvironment (TME) played a key role in tumor progression and responses to immune checkpoint blockade (ICB) therapy, we want to construct an immune-related scoring system with detailed immune profiles to stratify CRC patients.



Methods

We developed a scoring system based on immune-related signatures and validated its ability to predict prognosis and immunotherapeutic outcomes in CRC. CD45+ cells from CRC patients were sorted to investigate detailed immune profiles of the stratification system using mass cytometry. A single-cell RNA sequencing dataset was used to analyze transcriptomic profiles.



Results

We constructed an immune-related signature score (IRScore) based on 54 recurrence-free survival (RFS)-related immune signatures to stratify CRC patients. We revealed that IRScore was positively correlated with RFS and favorable outcomes in ICB treatment. Moreover, we depicted a detailed immune profile in TME using mass cytometry and identified that CD103+CD39+ T cells, characterized by an exhaustive, cytotoxic and proliferative phenotype, were enriched in CRC patients with high IRScore. As a beneficial immune signature, CD103+CD39+ T cells could predict prognosis and responses to ICB therapy in CRC.



Conclusions

All the analyses above revealed that IRScore could be a valuable tool for predicting prognosis and facilitating the development of new therapeutic strategies in CRC, and CD103+CD39+ T cells were one of defined immune signatures in IRScore, which might be a key factor for antitumor immunity.





Keywords: colorectal cancer, immunotherapy, prognosis, high-dimensional single-cell analysis, immune cell diversity



Introduction

Colorectal cancer (CRC) ranks the third most commonly diagnosed malignant human cancer and the second leading cause of death worldwide (1). In China, 592,232 new colorectal cases and 309,114 CRC-related deaths were estimated to occur in 2022 (2). Currently, main therapeutic methods of CRC usually involve local treatments, including surgery removal, radiation therapy and systematic therapies like chemotherapy and targeted therapy. The most widely used CRC stratification system is the AJCC/TNM staging system (3). However, due to the significant heterogeneity in patients with CRC identified by the genetic or epigenetic investigation and transcriptomic profiles, patients with the same tumor stage may respond differently to the same treatment and thus lead to varying clinical outcomes. Therefore, there is a clinical requirement to establish a method for predicting CRC prognosis and evaluating the efficacy of immunotherapy.

Since its successful application in melanoma, tumor immunotherapy, especially immune checkpoint blockade (ICB), has been increasingly becoming a preferred consideration for various cancers (4–7). ICB treatment can reactivate exhausted functional cells and elicit durable antitumor responses. In this scenario, immune cells in tumor microenvironment (TME) play a key role in tumor progression and can influence the efficiency of ICB therapy. A positive response to ICB therapy relies on the context of TME and its interactions with tumor cells (8). TME is a complex and heterogeneous mixture of tumor cells, non-tumor cells such as infiltrating lymphocytes, macrophages, fibroblasts, stromal cells and other surrounding host cells, and non-cellular components like extracellular matrix (ECM) and secreted factors (9–12). These immune and non-immune cells with distinct functions can suppress or promote tumor progression. For example, higher level of cytotoxic T lymphocytes (CTLs) infiltration has been shown to be positively correlated with better antitumor responses and prognosis (13, 14). Thus, depicting the detailed infiltrating immune profiles and understanding the role of each immune subset in TME are required to improve the efficacy of ICB therapy. On the other hand, due to the complexity of TME, most patients, including CRC, do not benefit from current ICB therapy strategies, resulting in wasted healthcare resources and poor prognosis. Therefore, an effective stratification system, which can distinguish responders and non-responders for ICB therapy, can facilitate precision and personalized medicine. Since the infiltrating immune cells in TME played a key role in tumor prognosis and immunotherapeutic outcomes, an infiltrating immune cell signature-based subtyping system will be useful for tumor prognosis prediction and immunotherapeutic efficacy evaluation in CRC.

This study focused on immune-related signatures in TME and investigated the relationship between immune signatures and prognosis, and the association of immune signatures with response to ICB therapy in CRC. We evaluated 151 immune-related signatures in TME collected from public studies in 7 CRC cohorts and developed immune-related signature score (IRScore) based on 54 identified prognosis-related signatures. We depicted a detailed immune profile of IRScore by performing cytometry by time of flight (CyTOF) analyses of tumor infiltrating lymphocytes (TILs) in CRC. We revealed that CD103+CD39+ T cells were one of defined immune signatures in IRScore, and the CD45+CD3+CD103+CD39+ signature could predict patients’ prognosis and responses to ICB therapy (Figure S1A). Our study provides a useful tool for predicting CRC prognosis and response to ICB therapy and uncovers important clues to key immune subsets that affect tumor progression and outcomes of ICB therapy.



Materials and methods


Acquisition and pre-processing of CRC cohorts

Gene expression data and clinical information of CRC cohorts used in this study were acquired from UCSC Xena (15) and Gene Expression Omnibus (GEO) (16). Two CRC single-cell datasets were downloaded from GEO under the accession number GSE178341 and GSE108989. The metastatic urothelial cancer treated with anti-PD-L1 agent (atezolizumab) cohort IMvigor210 was obtained via R package IMvigor210CoreBiologies (17). The melanoma cohort undergoing anti-PD-1 checkpoint inhibition therapy was downloaded from GEO under accession number GSE78220. Only primary tumors and treatment-naive patients were included.

Microarray data (GSE103479, GSE17538, GSE33113, GSE37892, GSE38832, GSE39084 and GSE39582 used to develop IRScore; GSE39395 and GSE39396 used to draw signatures of fibroblasts, endothelial cells and epithelial cells) were downloaded and processed using the R package GEOquery (18). For TCGA cohort, log-transformed (on a base 2 scale) gene expression data were downloaded from UCSC Xena (https://xenabrowser.net/datapages/). Processed expression data of GSE178341, GSE108989 and GSE78220 were directly downloaded from GEO. Counts data and patients’ information from the IMvigor210 cohort were obtained by function counts and pData, and the gene counts were transformed into TPM for the following analysis. All datasets used in this study were listed in Table S1.



Collection of immune-related signatures

One hundred forty-eight immune-related signatures were collected from previously published studies through a literature search (Table S2) (19–22). The signature genes of fibroblasts, endothelial cells and epithelial cells were obtained by performing differential analysis in GEO cohorts GSE39395 (immune cells: CD45+Epcam-, epithelial cells: CD45-Epcam+, stromal cells: CD45-Epcam-) and GSE39396 (immune cells: CD45+EPCAM-CD31-FAP-, epithelial cells: CD45-EPCAM+CD31-FAP-, endothelial cells: CD45-EPCAM-CD31+FAP-, cancer-associated fibroblasts: CD45-EPCAM-CD31-FAP+).



IRScore calculation

First, we calculated a single sample gene set enrichment score for each patient using the gsva function implemented in the R package GSVA (23) and scaled the enrichment score to draw a normalized enrichment score (NES). Patients were divided into high and low groups according to the median value. Then Univariate Cox regression was performed to examine the relationship between NES and RFS in each CRC cohort. A meta-analysis implemented in the R package meta (24) was used to evaluate the Hazard Ratio (HR) and P-value. Only signatures with a P-value less than 0.05 were included. Totally we identified 54 immune-related signatures and classified them into 30 prognostically good signatures (HR< 1) and 24 prognostically bad signatures (HR > 1). We thus defined and calculated a so-called IRScore for each sample as:

	

where NESi represents NES of ith prognostically good signature and NESj is NES of jth prognostically bad signature; M and N denote the number of prognostically good and bad signatures, respectively.



Prediction of immunotherapeutic response

Prediction of ICB therapy response for TCGA and GSE39582 cohorts was conducted using the subclass mapping method (SubMap) (25). The SubMap module implemented in GenePattern (https://www.genepattern.org/) was used to conduct the prediction. Besides, a melanoma cohort treated with sequential CTLA-4 and PD-1 blockade was used to help predict patients’ responses to anti-CTLA-4 and anti-PD-1 treatment (26).



Differential gene expression analysis and gene set enrichment analysis

Differential gene expression analysis for microarray data was performed by R package limma (27), and for TCGA counts data, DESeq2 (28) was introduced for analysis. Gene set enrichment analysis and KEGG analysis was performed by R package clusterProfiler (29). HALLMARK gene sets and KEGG gene sets used in GSEA analysis were downloaded from the Molecular Signatures Database (MSigDB) (30). The curated signatures were obtained and summarized from previously published studies and provided in Table S3 (31–34).



Single-cell RNA-seq data analysis

Following the standard analysis procedures, scRNA-seq data were analyzed using the R package Seurat (35). For scRNA-seq data downloaded from GSE178341, 64 clusters were obtained using function FindClusters. IRScore was calculated for each cluster and each patient based on average expression data derived by the AverageExpression function. Clusters and patients were classified into high and low IRScore groups respectively. As for scRNA-seq data of CRC T cells from GSE108989, we calculated IRScore for each cell and likewise classified them into high and low IRScore groups according to the median value. UMAP and tSNE algorithms implemented in Seurat were used to visualize high-dimensional data.



Bulk RNA sequencing and CyTOF

Thirteen fresh CRC tumor samples were collected from the First Affiliated Hospital, Zhejiang University School of Medicine. Clinical information of CRC patients was recorded in Table S4. All participants, or their legally authorized representatives, provided written informed consent upon enrollment. Each CRC tumor tissue was divided into two parts, one for RNA-seq and one for CyTOF. Tumor tissues were kept in RNAlater and total RNA was extracted using TRIzol reagent (Thermo Fisher Scientific). RNA-seq was performed at Beijing Genomics Institute (BGI) (Shenzhen, Guangdong, China) using the DNBSEQ system. UCSC hg38 reference genome was used to map the paired-end transcriptome reads. FPKM and read counts were generated for subsequent analysis.

The rest of tumor tissues from the same patients were transferred to MACS Tissue Storage Solution (Miltenyi Biotec), digested and prepared into single-cell suspensions as previously reported (36). Briefly, Samples were washed in RPMI 1640 (Thermo Fisher Scientific), suspended in 5 ml Hank’s Balanced Salt Solution (HBSS) (Thermo Fisher Scientific) with 1 μM DTT, 5 mM EDTA and incubated at 37°C shaker at 145 rpm for 30 minutes. After washing twice with RPMI 1640, samples were then mechanically dissociated with a sterile scalpel and digesting in a buffer cocktail containing 2 mg/ml collagenase IV (Sigma), 20 μg/ml DNase (Sigma) in RPMI 1640 for 2 hours in a 37°C shaker at 145 rpm in gentleMACS C tubes (Miltenyi Biotec), followed by dissociating on the gentleMACS Dissociator (Miltenyi Biotec) for 30 minutes. Tissue samples were filtered through a 100 μM cell strainer, washed, and enriched using 36% Percoll (GE Healthcare) at 2000 rpm for 10 minutes. Single cell suspensions were washed twice with PBS and stained with 5 μM 103Rh (Fluidigm) for 5 minutes at RT for viability. Cells were fixed in Fix I buffer (Fluidigm) at RT for 10 minutes and resuspended in freezing solution (90% FBS, 10% DMSO) after washing, and were stored at -80 ˚C for future use. A mass cytometry panel with 41 metal isotope-tagged antibodies (Table S5) was used to profile immune signatures in CRC samples. CyTOF was performed at Zhejiang Puluoting Health Technology Co., Ltd (Hangzhou, Zhejiang, China) by Helios (Fluidigm) with 300 events/s. Data were exported as FCS files. Fcs files were read into R by read.FCS function and signal intensities were arcsinh transformed with a cofactor of 5. The R function metaClustering_consensus implemented in package FlowSOM (37) was used to cluster all cells into 36 clusters. The tSNE algorithm was performed on 13,000 randomly selected cells (1000 cells per sample) to demonstrate high-dimensional data. The 99th percentile of maker intensity was defined as the maximum to exclude extreme value, and then all markers’ intensities were rescaled ranging between 0 to 1. The cluster-marker expression heatmap was generated by the R package pheatmap based on the median expression value.



Statistical analyses

Log-rank test implemented in R package survival was used to evaluate differences in recurrence-free survival between high and low groups. The Kaplan-Meier curves were drawn using the R package survminer. R function coxph implemented in survival was used to compute the Cox proportional hazards regression model. The circular heatmap was visualized by R package circlize (38). Spearman’s correlation was calculated by function rcorr implemented in R package Hmisc. All data except mentioned above were displayed using R package ggplot2 (39). Wilcoxon signed-rank test was used to compare the difference between two groups, and the Kruskal-Wallis test was used to compare differences among three or more groups. All analyses were conducted using R software (version 4.1.1). P-value< 0.05 was considered statistically significant unless explicitly noted.




Results


Construction of IRScore and the association with clinical and molecular phenotypes

To develop a predictive scoring system of recurrence-free survival (RFS) for CRC, single sample gene set enrichment analysis (ssGSEA) was performed to calculate enrichment score for each patient from 7 CRC cohorts based on 151 curated immune-related signatures. A univariate Cox regression model was applied to evaluate the predictive value of normalized enrichment score (NES) in each cohort. After leveraging 7 CRC cohorts, 54 immune-related signatures significantly associated with prognosis were identified (P-value< 0.05) (Figure 1A). We calculated IRScore for each patient in each cohort and stratified patients into high IRScore group and low IRScore group according to the median value, that is, CRC patients with IRScore higher than the median value were allocated as high IRScore group, and those lower than the median value as low IRScore group. Survival analysis revealed that patients in the high IRScore group had longer survival time without recurrence than those in the low IRScore group (Figure S1B). Same phenomena were observed in the combined dataset and in TCGA cohort regardless of progression-free interval (PFI), disease-free interval (DFI), disease-specific survival (DSS) or overall survival (OS) (Figures 1B, C, S1B-E).




Figure 1 | Construction and exploration of IRScore in CRC cohorts. (A). Immune-related signatures with survival significance in CRC. Circles with black border represent prognostic significance of the signature in corresponding cohort, and the size of circles represents the significance level. Red circles represent Hazard Ratio (HR) >1, implying prognostically “bad” signatures, and blue circles represent HR< 1, implying prognostically “good” signatures. (B, C) Kaplan-Meier curves of progression-free interval (PFI, B) and disease-free interval (DFI, C) based on IRScore groups in TCGA cohort. (D). Violin plots showing the relationship between IRScore and MSI/MSS (left), tumor stages (middle), and Sankey diagram illustrating the relationship between IRScore and CRC subtypes in TCGA cohort.(E). The association and correlation between IRScore and gene signatures (angiogenesis, EMT, antigen presenting machinery and proliferation) in TCGA cohort illustrated by violin plots (left) and scatter plots with trend lines (right) in TCGA cohort.



Then we investigated the relationships between IRScore and clinical features. Non-metastatic CRCs with microsatellite instability/deficient mismatch repair (MSI/dMMR) had been reported to have better prognosis and immunotherapeutic outcomes than microsatellite stability/proficient mismatch repair (MSS/pMMR) (40). We revealed that CRC patients harboring MSI/dMMR had significantly higher IRScore than those with MSS/pMMR. IRScore differed among four summarized AJCC stages, with higher IRScore in early-stage patients and lower IRScore in advanced-stage patients, indicating that IRScore might be associated with tumor progression in CRC. The imbalanced components of high and low IRScore groups in tumor stages, lymphatic invasion and MMR were summarized by Sankey diagrams (Figures 1D, S1F). We also explored associations between IRScore and different molecular signatures. We observed that IRScore was negatively correlated with angiogenesis, epithelial-mesenchymal transition (EMT), and positively correlated with antigen processing machinery and proliferation (Figure 1E). Moreover, IRScore was positively associated with immune signatures such as CD8 T effector, cytotoxicity, immune checkpoint, proliferation-related signatures, and negatively associated with pan-fibroblast TGF-β response signature (pan-F-TBRS), naiveness and plasminogen inhibitor (Figure S1G). These data suggested that IRScore was positively correlated with factors for good prognosis in CRC.



IRScore could be an indicator to predict responses to ICB therapy

The efficacy of ICB therapy targeting programmed cell death 1 (PD-1) or cytotoxic T-lymphocyte associated protein 4 (CTLA-4) was limited in CRC, so we examined the predictive and immunotherapeutic efficacy of IRScore. We used SubMap and a melanoma cohort treated with sequential CTLA-4 and PD-1 blockade to predict patients’ responses. Patients in the high IRScore group might respond to PD-1 inhibitors in both cohorts, while there was a possibility that patients in the low IRScore group in GSE39582 were likely to respond to CTLA-4 inhibitors (Figures S2A, B).

We further used the published IMvigor210 cohort to investigate the predictive efficacy of IRScore. Patients with high IRScore significantly had longer survival time than those with low IRScore (Figure 2A). The inflamed phenotype presented the highest IRScore than desert or excluded phenotypes, and tumors in the high IRScore group had higher neoantigen burdens (Figures 2B, C). The results showed that the CR/PR group had the highest IRScore and patients in the high IRScore group displayed better responses to ICB (Figures 2D-F). The predictive efficacy of IRScore was also testified in GSE78220 cohort. High IRScore patients presented favorable responses and prolonged survival (Figures 2G-J). Together, these results implied that higher IRScore was associated with better responses and longer survival time in ICB treatment patients.




Figure 2 | Prediction of patients’ responses to immunotherapy by IRScore. (A) Kaplan-Meier curve of survival probability based on IRScore groups in IMvigor210 cohort. (B) Comparison of IRScore among different immune phenotypes. (C) Comparison of neoantigen burden between high and low IRScore groups. (D) Violin plots of IRScore between CR/PR and SD/PD. (E) Compositions of patients’ responses to PD-L1 inhibitor treatment between high and low IRScore groups (P-value< 0.05, Fisher’s exact test). (F) Waterfall plots illustrating IRScore according to immunotherapeutic responses in IMvigor210 cohort. (G) Kaplan-Meier curve of survival probability based on IRScore groups in GSE78220 cohort. (H) Violin plot of IRScore between CR/PR and PD. (I) Compositions of patients’ responses to PD-1 inhibitor treatment in the two IRScore groups. (J) Waterfall plot illustrating IRScore according to immunotherapeutic responses in GSE78220 cohort.





Transcriptomic, genomic and immune signatures of high and low IRScore groups in CRC

Underlying changes accompanied the phenotypic differences between high and low IRScore groups. We assessed transcriptomic, genomic and immune features between high and low IRScore groups to investigate such changes. We first examined Cancer Hallmark gene sets in the two groups by GSEA. Gene sets related to proliferation and inflammation significantly contributed to the positive side, indicating that they were significantly enriched in up-regulated genes when comparing the high IRScore group to the low IRScore group. Epithelial-mesenchymal transition (EMT) and signaling pathways known to induce EMT, including TGF-β, Notch, Wnt-β-catenin and Hedgehog, were enriched in low IRScore tumors (Figures 3A, S3A). We further analyzed differentially expressed genes (DEGs, absolute log2FoldChange > 1, adjusted P-value< 0.05) between the two groups coupled with Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways enrichment analysis. Consistently, the most enriched KEGG pathway represented by low IRScore tumors was ECM-receptor interaction. In high IRScore tumors, up-expressed genes were enriched for immune-related pathways implicated in processes crucial for host innate/adaptive immune responses (Figures S3A, B). Moreover, we analyzed gene mutation conditions of the two groups in TCGA cohort. The top 6 mutated genes were identical in the two groups but with distinct mutation frequencies except for APC (74%) and TP53 (56%). Besides, most genes tended to have higher mutation frequencies in the high IRScore group, in tune with the result that tumors with high IRScore had higher mutation burdens (Figures 3B, S3C).




Figure 3 | Comparison of transcriptomic profile, genomic alteration and immune infiltration between high and low IRScore groups. (A) Gene set enrichment analysis of Cancer Hallmark gene sets identified significantly enriched pathways in high and low IRScore groups. (B) Oncoplot showing the top 20 most frequently mutated genes in high and low IRScore groups in TCGA cohort. (C) Abundance of different cell types in high and low IRScore groups was estimated by xCell in TCGA cohort. Z-scored results were depicted in heatmap. (D) Abundance of different cell types in high and low IRScore groups in the single-cell dataset GSE178341. Z-scored results were depicted in heatmap (left). Waterfall plot illustrating IRScore of each patient according to high and low groups (right). (E) Box plots showing the expression level of indicated genes in the two IRScore groups. *P < 0.05, **P < 0.01, ***P < 0.001,****P < 0.0001.



Next, we investigated the TME characteristics of the two groups. Using xCell (41), we estimated immune and stromal cell compositions for patients with different IRScore in TCGA cohort. The high IRScore group was enriched with several CD8+ T cell types, Type 1 T helper (Th1), Type 2 T helper (Th2), B cell types, plasma cells, plasmacytoid dendritic cells (pDCs), and mast cells, but less fibroblasts, mesenchymal stem cells (MSCs), endothelial cells, pericytes (Figure 3C). To evaluate whether tumor-infiltrating cells displayed similar patterns as in TCGA cohort in a single-cell perspective, we utilized a single cell dataset (GSE178341) and classified tumor cells into 64 clusters. We identified 22 immune cell clusters, 33 epithelial clusters, 3 fibroblast clusters, 4 clusters expressing both endothelial and fibroblast markers (referred to as endo_fibro clusters) and 2 clusters expressing both epithelial and immune cell markers (referred to as other) (Figures S3D, E). We calculated cluster-level IRScore and classified 64 clusters into high and low IRScore groups. The high IRScore group consisted of 16 immune cell clusters, 15 epithelial clusters and 1 other cluster, and the low IRScore group comprised 6 immune cell clusters, 18 epithelial clusters, 3 fibroblast clusters, and 4 endo_fibro clusters and 1 other cluster (Figure S3G). Consistently, the immune cell clusters had the highest IRScore, followed by epithelial clusters. Fibroblast and endo_fibro clusters presented the lowest IRScore (Figures S3F, H). Moreover, we calculated IRScore for each patient based on average gene expression and classified 62 patients into high and low IRScore groups. Patients with high IRScore had higher frequency of immune cells, while fibroblasts were enriched in low IRScore group (Figure 3D). We also evaluated gene expression between the two groups, and it showed that patients in the high IRScore group displayed significantly higher expression of immune checkpoint genes CTLA4, HAVCR2, ICOS, LAG3, PDCD1 and TIGIT. Besides, expression of T cell development-associated genes TBX21 and EOMES, tumor reactivity-associated genes ITGAE and ENTPD1, and cytotoxic gene GZMB were also significantly higher in patients with high IRScore (Figure 3E).

Collectively, we observed significant differences in transcriptomic, genomic and immune characteristics between the two groups. Mesenchymal and tumor-promoting phenotypes represented the low IRScore tumors, and in contrast, the high IRScore tumors displayed immune-active characteristics.



CRC TILs’ clustering and subtype analysis

Although high IRScore closely correlated with several immune signatures (Figure 3C), the detailed immune phenotype was still missing. We collected 13 treatment-naive CRC samples and performed bulk RNA-seq and CyTOF for TILs. We calculated IRScore for each patient according to RNA-seq data and divided them into high and low IRScore groups. Using the t-distributed stochastic neighbor embedding dimensionality reduction algorithm, we visualized the diversity of CD45+ tumor-infiltrating cells. We identified 4 major clusters: T cells, B cells, natural killer (NK) cells and myeloid cells (Figures 4A, B). PCA analysis of cell frequencies showed that patients in high and low IRScore groups were clearly separated (Figure 4C). T cells were the most abundant immune cell population among TILs, with a mean of 70% across samples, followed by B cells with a mean of 24% (Figure 4D). Besides, frequency of T cells was higher in the high IRScore group than that in the low IRScore group (P-value = 0.073). No significant difference was observed for frequencies of B cells, NK cells, or myeloid cells between the two groups (Figure 4E).




Figure 4 | Identification of detailed immune profiles of CRC TILs by mass-cytometry. (A) tSNE plot displaying T cells, B cells, NK cells and myeloid cells based on manual annotation. (B) tSNE plots of normalized expression of markers used to annotate main immune clusters. (C) PCA analysis of cluster frequencies in the two IRScore groups. Each dot represented one patient. (D) Boxplot showing the frequency of B cell, myeloid cell, NK cell and T cell for each sample. (E) Comparison of frequencies of T cell, B cell, NK cell and myeloid cell between high and low IRScore groups. (F) Heatmap of normalized marker expression for 36 immune clusters. (G) Boxplots showing significant differences of frequency in T07, T12, T14, T17, T25 and total CD103+CD39+ TILs (T12+T14+T17+T24+T25) between high and low IRScore groups. (H) Contour plots showing expression of CD103 and CD39 in T07, T12, T14, T17 and T25. (I) Histograms showing expression of indicated markers in T07, T12, T14, T17 and T25.



To further investigate functional subtypes of the overall TILs, an in-depth clustering analysis was conducted, and those TILs were finally classified into 36 clusters (Figure 4F). Specifically, we identified 4 B cell clusters (B01-B04), 2 myeloid cell clusters (M01-M02), 2 NK cell clusters (NK01-NK02), 16 CD4+ T cell clusters (T01-T16), 9 CD8+ T cell clusters(T17-T25), 2 γδ T cell clusters (T27-T28) and 1 CD4-CD8- T cell cluster (T26). Most T cell clusters presented effector memory phenotype (Tem: CCR7-, CD45RA-) or central memory phenotype (Tcm: CCR7+, CD45RA-) (42) and expressed classical activation marker CD69 (43) (Figure 4F). We compared frequency of each cluster between high and low IRScore groups. Except for clusters M01, T07, T12, T14, T17 and T25, most clusters showed no significant difference between the two groups (Figures 4G, S4A). Intriguingly, clusters with higher frequencies in the high IRScore group (T12, T14, T17 and T25) were positive for CD103 and CD39 (Figure 4H). Frequencies of total CD103+CD39+ TILs were also significantly higher in the high IRScore group (Figure 4G, P-value = 0.073). Previous studies revealed that co-expression of CD103 and CD39 identified a unique population of tumor-reactive CD8+ TILs in solid human tumors with an exhausted tissue-resident memory phenotype (44, 45). T25 exhibited high expression of exhaustion markers PD-1, CTLA4 and low expression of CCR7, CD45RA, CD127 and CD28, representative of an effector-memory phenotype (Figure 4I). T12 was the CD4+ counterpart of T25, with an almost identical marker expression pattern (Figures 4F, I). CD39+CD4+ TILs shared similar activated, tissue-resident and effector cell-associated signatures with CD39+CD103+CD8+ TILs (46). The CD4+ T14 and CD8+ T17 were also inter-counterparts (Figures 4F, I). Together, clusters co-expressing CD103 and CD39 had higher frequencies in the high IRScore group. This phenotype might be relevant to better prognosis in CRC patients with higher IRScore.



The characteristics of CD103+CD39+CD4+/CD8+ T cells and relationship with IRScore

To further evaluate whether CD103+CD39+ T cells represented the immune signature of the high IRScore group, we calculated IRScore of tumor-infiltrating CD4+/CD8+ T cells from a single-cell dataset (GSE108989) and investigated gene expression patterns of CD4+/CD8+ TILs co-expressing CD103 (ITGAE) and CD39 (ENTPD1). We classified those TILs into high and low IRScore groups. Besides, we defined cells expressing CD103 and CD39 as double-positive cells (DP), cells expressing neither CD103 nor CD39 as double-negative cells (DN), and cells expressing either CD103 or CD39 as single-positive cells (SP).

Sixteen clusters were identified, including 8 CD4+ clusters and 8 CD8+ clusters (Figures 5A, S5A). CD8+ clusters were identified as activated effector cytotoxic cells based on the expression of canonical cytotoxic markers GZMA/B/H, PRF1, IFNG and NKG7. CD8_2, CD8_6, and CD8_8 also exhibited expression of exhaustion markers PDCD1 and HAVCR2, indicating dual characteristics. Among CD4+ clusters, CD4_2 and CD4_4 specifically expressed naive marker genes such as CCR7, IL7R and SELL, thus representing naive T cells; CD4_1, CD4_3, CD4_5 and CD4_8 were characterized by high expression of FOXP3 and IL2RA, suggestive of the identity of regulatory T cells (Tregs); CD4_6 and CD4_7 were comprised of CD4+ T cells with high expression of exhausted marker genes HAVCR2, PDCD1 and cytotoxic molecules GZMA, GZMB, PRF1, indicative of the status of exhausted and cytotoxic CD4+ T cells (Figure S5B).




Figure 5 | Transcriptomic profiles of CD103+CD39+ T cells and association with IRScore. (A) UMAP projection of CD4+ and CD8+ TILs, showing 8 CD8+ clusters and 8 CD4+ clusters in different colors. (B) UMAP projection of CD103 and CD39 double-positive cells (DP), double-negative cells (DN) and single-positive cells (SP). (C) Stacked barplot showing the percentile of DP, DN and SP cells in each clusters (left), log2 odds ratio (DP versus DN, middle) and p value (right). (D) Percentile of high and low IRScore TILs in each cluster. (E) Stacked barplot showing the percentile of DP, DN and SP cells in high and low IRScore groups (left), log2 odds ratio (DP versus DN, middle) and p value (right). (F) Percentile of high and low IRScore TILs among three cell types. (G) Stacked barplot showing the percentile of DP, DN and SP cells in CD4+ and CD8+ TILs (left), log2 odds ratio (DP versus DN, middle) and p value (right). (H) Comparison of IRScore among DP, DN and SP cells. (I) Comparison of IRScore between CD4+ and CD8+ TILs. (J) Dotplot showing expression of exhausted, cytotoxic and naive markers in DP, DN and SP cells. (K) Volcano plot of differentially expressed genes between CD8+ DP and DN cells. (L) Enrichment plot for the curated gene signatures in CD8+ TILs by GSEA. ****P < 0.0001



DP cells comprised 46.2% of total detected cells and were significantly enriched in the high IRScore group with absolute predominance over DN cells. In contrast, DN cells only constituted 13.3% of whole cells. There were relatively equal proportion of DP and DN cells in the low IRScore group (Figures 5B, E). Besides, DP cells were enriched in 6 CD4+ and 7 CD8+ clusters (Figure 5C). Surprisingly, a roughly coincident ratio could be observed when comparing the distribution of high and low IRScore TILs in each cluster (Figure 5D). Moreover, DP cells were composed of the most significant proportion of high IRScore cells, and DN cells were the least, consistent with the observation that DP cells displayed the highest IRScore, with DN cells being the lowest, and SP cells having intermediate IRScore (Figures 5F, H). We also compared IRScore between CD4+ and CD8+ cells and found that CD8+ cells had significantly higher IRScore than CD4+ cells, on account of a higher percentage of DP cells among CD8+ cells (Figures 5G, I).

We examined the expression of well-known naive, cytotoxic and exhausted markers among DP, DN and SP cells (45). Intriguingly, DP cells displayed dual phenotypes with higher expression of cytotoxic and exhausted marker genes, whereas DN cells had higher expression of naive genes; SP cells exhibited an intermediate status (Figure 5J). To better understand the function of DP cells, we compared them with DN cells at the transcriptome level. Among CD8+ T cells, DP cells highly expressed a set of 898 genes (adjusted P-value< 0.05, log2FC > 0), including exhausted markers (HAVCR2, LAYN, TIGIT, PDCD1, CTLA4), cytotoxic markers (GZMA, GZMB, PRF1, NKG7) and proliferation-related genes MCMs (Figure 5K). The concurrence of an exhausted phenotype with cytotoxic and proliferative characteristics in DP cells was further confirmed by GSEA analysis of HALLMARK gene sets and the curated signatures. Genes up-expressed among DP cells were significantly enriched for processes associated with inflammation, proliferation, cytotoxicity and presented an exhausted phenotype (Figures 5L, S5E). CD4+ DP cells also exhibited an exhausted and proliferative phenotype (Figures S5C, D). GSEA analysis of HALLMARK gene sets and the curated gene signatures revealed that immune-related pathways were enriched considerably in up-expressed genes in CD4+ DP cells, and an unfavorable status of hypoxia and unfolded protein response was likewise found in CD4+ DN cells (Figure S5F). Together, these data indicated that DP cells were accumulated in the high IRScore group, characteristic of a cytotoxic, exhausted and proliferative phenotype.



CD45+CD3+CD103+CD39+ signature could predict the CRC prognosis and responses to ICB therapy

As identified in CyTOF and scRNA-seq analyses, high IRScore could be partially represented by a CD45+CD3+CD103+CD39+ signature, we further examined its predictive value and efficacy in predicting response to ICB therapy. Similarly, we calculated NES of this CD45+CD3+CD103+CD39+ signature and divided patients into two groups (M1 and M2) according to the median value. In TCGA cohort, patients with higher NES presented prolonged survival than those with lower NES (Figures 6A, B). In ICB therapy cohort IMvigor210, patients with higher NES had prolonged overall survival, and NES of patients with better responses (CR/PR/SD) to ICB therapy were significantly higher than those with progressive disease (PD). Besides, the higher NES group (M2) consisted of more patients that benefited from ICB therapy (Figures 6C, S6A-C). We also showed that CD103+CD39+ CD4+/CD8+ T cells had certain ability in predicting prognosis and responses to ICB therapy respectively (Figures 6D-I, S6D-I). Thus, the CD45+CD3+CD103+CD39+ signature was a beneficial immune signature that, to a certain extent, could predict the prognosis and efficacy of ICB therapy.




Figure 6 | Predictive value of CD45+CD3+CD103+CD39+ phenotype in prognosis and immunotherapy. (A, D, G) Kaplan-Meier plots of relationship between the immune signatures from RNAseq dataset (CD45+CD3+CD103+CD39+ (A), CD45+CD3+CD4+CD103+CD39+ (D) and CD45+CD3+CD8+CD103+CD39+ (G) and PFI in TCGA cohort. Patients were stratified according to the median of signature NES, where M1 was the lower NES and M2 was the higher NES. B, E, (H) Kaplan-Meier plots of relationship between the immune signatures from RNAseq dataset (CD45+CD3+CD103+CD39+ (B), CD45+CD3+CD4+CD103+CD39+ (E) and CD45+CD3+CD8+CD103+CD39+ (H) and DFI in TCGA cohort. Patients were stratified according to the median of signature NES, where M1 was the lower NES and M2 was the higher NES. C, F, (I) Kaplan-Meier plots of relationship between immune signatures from RNAseq dataset (CD45+CD3+CD103+CD39+ (C), CD45+CD3+CD4+CD103+CD39+ (F) and CD45+CD3+CD8+CD103+CD39+ (I) and OS in IMvigor210 cohort. Patients were stratified according to the median of signature NES, where M1 was the lower NES and M2 was the higher NES.






Discussion

The TME is a heterogeneous mixture of tumor cells, infiltrating and resident host cells, extracellular matrix and secreted cytokines (9–12). Cross-talk between TME components significantly affects tumor development and progression (47). This study utilized immune-related signatures to develop IRScore for CRC patients’ stratification. Investigations regarding the relationship between this classification strategy and prognosis, transcriptomic profiles, immune activities etc., will allow for a better understanding of the TME and improved instructions for ICB therapy (Figure S1A).

In this study, we developed the IRScore system based on 54 prognosis-related immune signatures. Our research revealed that IRScore was positively correlated with immune and proliferative signatures and negatively associated with EMT and naiveness (Figure 1E). The proliferation signature of high IRScore might be a result of CD8+ TILs, however, alternative interpretation is the proliferating tumor cells. Actively proliferating cells are more likely to be accumulated with mutations, leading to a heavier mutation burden. T cells’ recognition of mutation-derived neoantigens in tumors is critical for antitumor activity. Moreover, tumor neoantigens are associated with therapeutic benefits in PD-1 or CTLA-4 blockade. Besides, IRScore was positively correlated with prolonged survival and beneficial responses to ICB therapy, which might be explained by favorable transcriptomic features and active antitumor activities in the high IRScore group. Better responses to ICB treatment in the high IRScore group allowed us to focus on the differences of infiltrating immune signatures in TME between the two groups.

As indispensable components to the TME, TILs show a critical role in tumor progression. The antitumor function involves CD8+ cytotoxic cells, NK cells, and CD4+ Th1 cells, while MDSCs, TAMs and Tregs inhibit antitumor responses (48–51). We showed that the high IRScore group was more abundant for several CD8+ T cell populations and Th1 cells, whereas the low IRScore group had more fibroblasts, endothelial cells and pericytes (Figure 3C). We found more Tregs in the high IRSore group, which might be due to Tregs displaying positive effects and associating with good prognosis in specific cancer types (52–54). Analyses of a CRC single-cell dataset confirmed the fact that endothelial and fibroblast clusters had the lowest IRScore while immune cell clusters were the highest (Figures 3C, E).

Recently, molecular subtyping systems focusing on immune infiltrating signatures have emerged to stratify patients and predict prognosis and immunotherapeutic outcomes in various tumors (55–57). However, these subtyping systems failed to depict detailed immune profiles in TME, which are important for understanding the mechanisms by which immune cells modulate tumor progression and response to ICB therapy. To solve this problem, we used mass cytometry to perform in-depth immune profiling of tumor samples from CRC patients. Among the 36 identified clusters, T12, T14, T17 and T25 were significantly abundant in the high IRScore group, and all of them displayed a CD103+CD39+ phenotype (Figures 4F-H). Since high IRScore was associated with favorable prognosis and antitumor response, these clusters might represent tumor-reactive populations. T25 exhibited increased expression of PD-1, CTLA4 and low expression of CCR7, CD45RA, CD127 and CD28 (Figure 4I), consistent with previous studies that a subset of tumor-reactive CD8+ TILs were positive for CD103 and CD39 and exhibited an exhausted tissue-resident memory phenotype (44, 45). We further validated CD4+ and CD8+ TILs co-expressing CD103 and CD39 at the single-cell level. Duhen and colleagues found that CD103+CD39+CD8+ TILs were enriched in CRCs with MSI/dMMR and displayed more elevated exhaustion markers CTLA4, PDCD1, HAVCR2 and lower expression of naive markers S1PR1, SELL, TCF7 (44). We showed that CD8+ DP TILs up-regulated genes related to proliferation, exhaustion, cytotoxicity markers and down-regulated genes related to naiveness (Figures 5J-L). Moreover, CD103+CD39+CD8+ TILs displayed more clonal expansion and better tumor antigen recognition than CD103-CD39-CD8+ TILs, indicating that CD103+CD39+CD8+ TILs were enriched with tumor specific T cells (44, 58). CXCL13, a B-cell recruiting chemokine, was the most significantly up-regulated gene except HAVCR2, ITGAE and ENTPD1 in CD8+ DP cells (Figure 5K). He et al. showed that CXCL13 was the unique marker for tumor antigen specific CD4+/CD8+ T cells in multiple tumors (59). Besides, CXCL13+CD103+CD8+ TILs were potentially associated with B cell recruitment, neoantigen load and tertiary lymphoid structures (TLSs) formation in human tumors (60), and were identified as tumor antigen specific T cells in lung cancer (59, 61). Thus, CD103 and CD39 positive cells might shape a tumor microenvironment suitable for B-cell antitumor activities.

Other researchers had shown the effects of CD103+CD39+ TILs in various tumor types. This population of T cells were enriched in genes associated with exhaustion, and may represent a prognostic marker of cancer progression (44, 58). Higher frequencies of CD39+CD103+CD8+ TILs in patients with head and neck cancer were associated with better overall survival, and in vitro studies showed that co-expression of CD39 and CD103 were strongly enriched in tumor-recognizing and -killing CD8 T cells (44). Circulating CD103+CD39+CD8+ T cells was significantly enriched in nasopharyngeal carcinoma patients without distant metastasis, and those patients had better PFS (62). CD103+CD39+ TILs could also be considered as a potential biomarker for predicting patients’ response to novel ICB approaches in various tumors. CD103+CD39+ TILs could serve as a potential biomarker of anti-OX40 clinical activity in patients with head and neck cancer, and might represent a biomarker of RFS following anti-PD-1 therapy in melanoma (63, 64). In our study, we also revealed that the CD45+CD3+CD103+CD39+ signature could predict prognosis and response to ICB (Figure 6). These findings suggest that co-expression of CD39 and CD103 could serve as useful markers of tumor specific CD8+ T cells, and could be exploited for the development of targeted immunotherapies.

However, due to the limitation of CyTOF samples and markers, we only observed limited immune features that were significantly differentiated between high and low groups. Other potential phenotypes might have a significant difference if more samples and markers were included. Besides, more in-depth investigations and basic experimental research are required to explain further the underlying mechanisms of the event in the future.

In conclusion, we developed IRScore to stratify CRC patients and explored various profiles contributing to the differences between high and low IRScore groups. We further characterized the detailed immune signature, CD103+CD39+ T cells, in IRScore system, which may offer important clues to mechanisms of antitumor immune responses in CRC.
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Supplementary Figure 1 | Association between IRScore and clinical factors and molecular signatures. (A). Workflow of this study: IRScore construction and characterization, and IRScore-based detailed immune signatures exploration. (B). Kaplan-Meier curves of recurrence-free survival based on IRScore groups in 7 GEO cohorts. (C). Kaplan-Meier curves of recurrence-free survival based on IRScore groups in a combined dataset. (D, E). Kaplan-Meier curves of disease-specific survival (DSS, D) and overall survival (OS, E) based on IRScore groups in TCGA cohort. (F). Violin plots showing the relationship between IRScore and dMMR/pMMR (left), tumor stages (middle) and Sankey diagram (right) illustrating the relationship between IRScore and CRC subtypes in GSE39582 cohort. (G). The association and correlation between IRScore and different gene signatures (Pan-F-TBRS, naiveness, plasminogen inhibitor, CD8 T effector, cell cycle, cytotoxicity, DNA damage repair, DNA replication, homologous recombination, immune checkpoint, mismatch repair, nucleotide excision repair and exhaustion) in TCGA cohort.

Supplementary Figure 2 | Prediction of response to immunotherapy using SubMap. (A, B). SubMap prediction of response to anti-PD1 and anti-CTLA4 treatment in TCGA cohort (A) and GSE39582 cohort (B).

Supplementary Figure 3 | Transcriptomic, genomic and immune characterizations of IRScore. (A). Circos plots of GSEA-based Cancer Hallmarks pathways (top) and KEGG pathways (bottom) differences between high and low IRScore groups (from the innermost to the outmost: TCGA, GSE39582, GSE39084, GSE38832, GSE37892, GSE33113, GSE17538, GSE103479). The grids were colored according to NES (high versus low IRScore group, p.adj< 0.1). A blank grid meaning the pathway difference is not significant (p.adj > 0.1). (B). Volcano plot showing up- or down-regulated genes of high versus low IRSore group in TCGA cohort (p.adj< 0.05, absolute log2FoldChange > 1). Corresponding bar plots showing the enriched KEGG pathways in up- or down-regulated genes. (C). Boxplot showing the difference of mutation burden between high and low IRScore groups in TCGA cohort. (D). Dotplot showing the expression of genes used to identify endothelial cells, epithelial cells, fibroblasts and immune cells. (E). The tSNE projection of endo-fibro cells, epithelial cells, fibroblasts and immune cells. (F). The tSNE projection of cluster-level IRScore. (G). Stacked bar chart showing the cluster compositions in high and low IRScore groups. (H). Comparison of IRScore among main cell types. Each point represented one cell subset.

Supplementary Figure 4 | Difference of cluster frequencies between high and low IEScore groups. (A). Boxplots showing the difference of frequencies in 31 immune clusters between high and low IRScore groups.

Supplementary Figure 5 | Transcriptomic profiles of CD103+CD39+ T cells. (A). Violin plot showing the expression of CD69, CD4, CD8A and CD8B. (B). Heatmap of CD4+ and CD8+ T cells, with 16 main clusters identified, each containing a unique set of signature genes. (C). Volcano plot of differentially expressed genes between CD4+ DP and DN cells. (D). Enrichment plot for the curated gene signature in CD4+ TILs by GSEA. (E, F). Gene set enrichment analysis of Cancer Hallmark gene sets identified significantly enriched pathways in CD8+ (E) and CD4+ (F) DP and DN cells.

Supplementary Figure 6 | Prediction of CD45+CD3+CD103+CD39+ phenotype to immunotherapy. (A, D, G). Violin plots showing the difference of NES (CD45+CD3+CD103+CD39+ (A), CD45+CD3+CD4+CD103+CD39+ (D) and CD45+CD3+CD8+CD103+CD39+ (G)) between CR/PR/SD and PD in IMvigor210 cohort. (B, E, H). Composition of patients’ responses to PD-L1 inhibitor treatment between M1 and M2 in IMvigor210 cohort ((B): P-value = 0.010; (E): P-value = 0.019; (H): P-value = 0.035, Fisher’s exact test). (C, F, I). Waterfall plots illustrating NES (CD45+CD3+CD103+CD39+ (C), CD45+CD3+CD4+CD103+CD39+ (F) and CD45+CD3+CD8+CD103+CD39+ (I)) according to immunotherapeutic responses in IMvigor210 cohort.
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Colorectal cancers (CRCs) with high microsatellite instability (MSI-H) and deficient mismatch repair (dMMR) show molecular and clinicopathological characteristics that differ from those of proficient mismatch repair/microsatellite stable CRCs. Despite the importance of MSI-H/dMMR status in clinical decision making, the testing rates for MSI and MMR in clinical practice remain low, even in high-risk populations. Additionally, the real-world prevalence of MSI-H/dMMR CRC may be lower than that reported in the literature. Insufficient MSI and MMR testing fails to identify patients with MSI-H/dMMR CRC, who could benefit from immunotherapy. In this article, we describe the current knowledge of the clinicopathological features, molecular landscape, and radiomic characteristics of MSI-H/dMMR CRCs. A better understanding of the importance of MMR/MSI status in the clinical characteristics and prognosis of CRC may help increase the rates of MMR/MSI testing and guide the development of more effective therapies based on the unique features of these tumors.
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1 Introduction

Colorectal cancers (CRCs) with high microsatellite instability (MSI-H) and deficient mismatch repair (dMMR) are a unique subgroup of cancers of the colon and rectum. The molecular and clinicopathological characteristics of MSI-H/dMMR CRCs are distinct from those of proficient mismatch repair (pMMR)/microsatellite stable (MSS) CRCs (1).

Because of their unique etiology and clinicopathological characteristics, MSI-H/dMMR and pMMR/MSS CRCs respond differently to treatment (2). This is particularly true for immune checkpoint inhibition, as MSI-H/dMMR CRCs are more immunogenic and show a better response to immunotherapy than pMMR/MSS CRCs (3, 4). Recent clinical studies showed that, in patients with advanced or metastatic MSI-H/dMMR CRC, pembrolizumab treatment led to an objective response rate (ORR) of 40.0% (95% confidence interval [CI], 12.0–74.0) (5) and the ORR in patients treated with the combination of ipilimumab and nivolumab was 54.6% (95% CI, 45.2–63.8) (6). In addition, pembrolizumab led to a significantly longer progression-free survival (PFS) than chemotherapy when administered as first-line therapy for metastatic MSI-H/dMMR CRC (hazard ratio [HR] for disease progression or death, 0.10; P < 0.001), with fewer treatment-related adverse events (5). KEYNOTE-177, a phase 3 study of 307 previously untreated patients with metastatic MSI-H/dMMR CRC showed that first-line pembrolizumab was superior to chemotherapy in improving PFS (HR for progression, 0.60; 95% CI, 0.45–0.80; P = 0.0002) and ORR (43.8% [95% CI, 35.8–52.0] vs. 33.1% [95% CI, 25.8–41.1]) (7). The identification of MSI-H/dMMR as a potential biomarker for response to immunotherapy in patients with CRC has led to the initiation of various clinical trials evaluating the use of neoadjuvant immunotherapy in patients with early-stage disease. Preliminary findings from the exploratory NICHE study (NCT03026140) suggest that neoadjuvant immunotherapy with nivolumab plus ipilimumab may be a suitable regimen for patients with dMMR early-stage colon cancer (8). The ability of neoadjuvant treatment with nivolumab plus ipilimumab to improve outcomes was confirmed in patients with locally advanced dMMR colon cancer (9). Furthermore, neoadjuvant treatment with immunotherapy (nivolumab plus ipilimumab) in combination with the COX-2 inhibitor celecoxib in patients with non-metastatic dMMR CRC led to a major pathologic response in 97% of patients (95% CI, 91–100; 31 of 32) (10). The efficacy of immunotherapy in combination with other treatments (e.g., chemotherapy and radiotherapy) is also being investigated in multiple ongoing trials, including VOLTAGE-A (NCT02948348), AVANA (NCT03854799), NRG-GI002 (NCT02921256), and PANDORA (NCT04083365) (11–14). Neoadjuvant immunotherapy alone or in combination with other therapies may provide new treatment options for patients with early-stage CRC, especially in MSI-H/dMMR CRC.

Despite the importance of MSI-H/dMMR and pMMR/MSS status in clinical decision making, the rates of microsatellite instability (MSI) and mismatch repair (MMR) testing in clinical practice remain low, even in high-risk populations (15, 16). Consequently, the real-world prevalence of MSI-H/dMMR CRC may be higher than that reported in the literature. Insufficient MSI and MMR testing leads to failure to identify patients with MSI-H/dMMR CRC who could benefit from immunotherapy (5, 6). Additionally, because of differences in the epidemiological, molecular, anatomical, and histological characteristics of MSI-H/dMMR and pMMR/MSS CRCs, failure to distinguish between these subgroups may lead to discrepancies in CRC diagnostic and prognostic features (1, 17).

In this article, we comprehensively review the current knowledge of the clinicopathological characteristics, molecular landscape, and radiological findings of MSI-H/dMMR tumors among patients with CRC. This overview of the role of MMR and MSI status in CRCs could increase the understanding of MSI-H/dMMR CRCs, help clinicians identify this subgroup of patients using available approaches besides MSI/MMR testing, and guide the development of more effective therapies based on the unique molecular characteristics of these tumors.



2 Molecular mechanisms of MSI-H/dMMR in CRC

Inactivation of an MMR gene by mutation or transcriptional silencing results in deficient function of the MMR system, leading to the accumulation of errors during DNA replication (18). Multiple proteins that mediate DNA repair are involved in the MMR pathway, including the MutS family (MSH2, MSH3, and MSH6) and the MutL family (MLH1, MLH3, PMS1, and PMS2). Among these proteins, MLH1, MSH2, MSH6, and PMS2 are the most important regulators of MMR (18).

Studies have identified two distinct molecular pathways comprising germline or somatic mutations that contribute to the inactivation of MMR genes. Germline mutations in an MMR gene followed by a second hit to the wild-type copy due to point mutations, loss of heterozygosity (LOH), or methylation (18) can inactivate the gene. Inherited colorectal syndromes contribute to the development of approximately 5% of all CRCs, of which Lynch syndrome is the most common (Figure 1) (18). Mutations in MLH1 and MSH2 are found in approximately 70% of patients with Lynch syndrome, whereas mutations in MSH6 and PMS2 are less common and are found in only 15% of patients (19).




Figure 1 | Flow diagram showing the molecular classification and frequency of sporadic and hereditary MSI-H/dMMR CRC. CRC, colorectal cancer; dMMR, deficient mismatch repair; MMR, mismatch repair; MSI-H, microsatellite instability-high.



DNA methylation, also referred to as CpG island methylator phenotype (CIMP), occurs in 20% of CRCs and results in a non-familial form of MSI (19). Such DNA hypermethylation results in gene silencing in most cases (19) or upregulation under certain circumstances (20, 21). Sporadic CRCs are mainly due to loss of MLH1 expression caused by hypermethylation of the MLH1 promoter in a CIMP background (19).



3 Clinical characteristics of MSI-H/dMMR CRCs


3.1 Demographic characteristics and MSI/MMR status in CRCs

Findings from multiple studies suggest that dMMR status is associated with early onset disease among patients with CRC, as dMMR CRCs are more frequent in younger patients than in older patients. A retrospective analysis of 133 patients with CRC showed that mutations in MLH1, MSH2, MSH6, and PMS2 were significantly associated with age (22). A subsequent retrospective study of 61 patients with stage I–III CRC confirmed a significant association between dMMR status and patient age (23). A recent real-world study revealed that, among patients with dMMR CRC, dMMR tumors were observed in both older (≥60 years) and younger (<50 years) patients. The frequency of MSH6/MSH2, MSH6, and PMS2 loss was higher in younger patients than in older patients. However, the statistical significance of this finding could not be determined because the expected expression values were low in >20% of the cells (24). Among patients with Lynch syndrome, the median age at CRC diagnosis was ten years higher for carriers of MSH6 mutations than for those carrying MLH1 and MSH2 mutations (25).

Similar associations have been reported for dMMR status and sex; in most studies, the percentage of women in the dMMR CRC group was higher than the percentage of men. For example, a large-scale study of 535 patients with CRC showed that tumors from women had a higher frequency of MLH1/PMS2 loss than tumors from men (26). Consistently, Viñal et al. (27) reported that the percentage of women was significantly higher among patients with dMMR CRC than among those with pMMR CRC (55% [n = 55/100] vs. 38% [n = 351/914]; P = 0.001).



3.2 Tumor characteristics and MSI/dMMR status in CRC

MSI-H/dMMR status has been associated with various CRC tumor characteristics, including the location of the primary tumor, tumor diameter, T stage, and distant metastasis. Several retrospective studies have shown a significant association between dMMR/MSI-H status and early onset disease, maximum tumor diameter, large tumor volume, primary tumor site, and advanced T stage in patients with stage (including tumor, node, metastasis [TNM] stage) I–III or I–IV CRC (23, 27–29).

A retrospective study of 245 patients with CRC showed that the incidence of MSI-H was higher in patients with right colon cancer and TNM stage I–II disease (30). Another retrospective analysis of 268 patients with CRC showed a high incidence of dMMR in patients with locally advanced (T4b) tumors without distant metastasis (31). Additionally, a recent analysis of 1,014 patients with CRC (100 [9.8%] with dMMR and 914 [90.2%] with pMMR tumors) indicated that advanced-stage tumors were significantly more common among patients with pMMR CRC than among those with dMMR CRC (stage IV: 21% vs. 3%; P < 0.001) (27). Similarly, Kang et al. (29) found a significant association between MSI-H and earlier-stage tumors in patients with CRC. These findings suggest that dMMR may play a protective role in CRC.

In a retrospective case series, Li et al. found that mutations in MLH1, MSH2, and MSH6 were significantly associated with primary tumor location among patients with dMMR CRC; hMLH1 or PMS2 loss was more common on the right side, whereas hMSH2 or hMSH6 loss was more common on the left side (22). Similarly, a retrospective analysis of 795 patients found that proximal lesions were a predictor for MSI, with a multivariate odds ratio (OR [95% CI]) of 0.419 (0.223–0.784; P = 0.007) (32).

However, Yan et al. found that larger tumor size was associated with MSI (OR [95% CI], 1.300 [1.076–1.572]; P = 0.007), as did Liang et al. (median diameters, 6.0 cm in the dMMR group compared with 4.5 cm in the pMMR group; P < 0.01) (23, 32).



3.3 Histopathological and pathomorphological characteristics of MSI-H/dMMR CRCs

MSI-H/dMMR CRCs and pMMR/MSS/MSI-L CRCs differ in their histopathological and pathomorphological characteristics. For instance, in a study of 312 patients with colorectal adenocarcinomas, mucinous adenocarcinomas were more common among patients with dMMR CRC than among those with pMMR CRC (33). Most dMMR CRCs show aggressive histological features, including an expansile growth pattern, a high degree of tumor cell infiltration, poor tumor differentiation, and a medullary pattern (34), as summarized in Figure 2. Consistently, Liang et al. (23) reported a significantly higher frequency of poorly differentiated tumors in patients with dMMR CRC than in those with pMMR CRC (41.0% [n = 25/61] vs. 10.9% [n = 20/183]; P < 0.05), although no significant differences in the rates of lymphovascular invasion and extranodal extension were observed. In contrast, localized disease at diagnosis (97% vs. 79%; P < 0.001) and histological grade 3 (20% vs. 8%; P < 0.001) were more frequent in patients with dMMR CRC than in those with pMMR CRC (27).




Figure 2 | Proposed relationship between tumor features, molecular profiles, clinicopathological characteristics, and immunological features of colorectal cancer according to MSI subtype. CIMP, CpG island methylator phenotype; CIN, chromosomal instability; dMMR, mismatch repair deficient; ECM, extracellular matrix; EMT, epithelial–mesenchymal transition; JAK/STAT, Janus kinase/signal transducer and activator of transcription; MSI, microsatellite instability; MSS, microsatellite stable; pMMR, MMR proficient; TGF, transforming growth factor; TIL, tumor-infiltrating lymphocyte; TMB, tumor mutational burden; Tregs, T-regulatory cells; VEGF, vascular endothelial growth factor.



While both serrated and non-serrated sporadic colorectal adenocarcinomas can present MSI-H (35), studies have shown that MSI is more common in conventional carcinomas than in colorectal serrated adenocarcinomas (36). Other histological and morphological features of dMMR/MSI-H CRCs include high numbers of tumor-infiltrating lymphocytes, Crohn’s-like inflammatory reaction, mucinous/focal signet ring cell differentiation, and lack of dirty necrosis within the tumor lumen (37–39).

MSI-H/dMMR status in patients with CRC has also been correlated with high infiltration levels of immune cells, including T helper 1 (Th1) cells and cytotoxic T cells, which may explain the favorable response to immunotherapy among patients with MSI-H/dMMR tumors. The high degree of immune cell infiltration in dMMR CRCs may be attributed to the high mutational burden and neoantigen load of these tumors (3, 40), making dMMR/MSI-H CRCs amenable to immunotherapy. Despite the durable responses observed in some patients with MSI-H/dMMR CRC treated with immune checkpoint inhibitors, many CRCs are resistant to immunotherapy (41, 42). High intratumoral heterogeneity due to the high rate of mutations in MSI-H/dMMR CRCs may contribute to the generation of immune escape clones, leading to the development of immunotherapy resistance (41, 43). Although tumor mutational burden (TMB) and the expression levels of PD-1/PD-L1 have been proposed as determinants of differential responses to anti–PD-1/PD-L1 treatment among CRC patients with different MSI statuses (44), further studies are required to determine the roles of PD-1/PD-L1, BRAF/RAS mutations, TMB, and T-cell phenotype as biomarkers of response to immune checkpoint inhibitors in patients with MSI-H/dMMR CRC.

Despite the significant association between dMMR status and certain clinicopathological and tumor histologic characteristics as mentioned above, the role of MSI and MMR in clinicopathological features is complex and may be confounded by multiple factors. The higher prevalence of dMMR in earlier-stage tumors indicates a protective role of dMMR, while dMMR CRCs show aggressive histological features, including an expansile growth pattern, a high degree of tumor cell infiltration, poor tumor differentiation, and a medullary pattern.

Several factors may contribute to these paradoxical observations regarding the relationship between MSI and tumor characteristics in CRC. Most studies evaluating the relationship between MSI and tumor or clinicopathological features in patients with CRC included small cohorts because dMMR CRC is relatively rare. Additionally, there are no widely established criteria for the diagnosis of MSI-H/dMMR tumors. Variations in the evaluation of MMR status may contribute to contradictory findings regarding the predictive and prognostic roles of MSI-H/dMMR status in CRC. There is also evidence to suggest heterogeneous characteristics among the different subgroups of MSI-H/dMMR CRCs. For example, hereditary and sporadic MSI-H CRCs differ in their histological and morphological characteristics (45). Substantial racial differences in the tumor microenvironment of CRCs have also been reported (46). Moreover, because of defects in DNA repair pathways, dMMR CRCs have substantial genetic instability, which could lead to intertumoral molecular heterogeneity (17, 47). Accumulation of genetic mutations during the progression of MSI-H/dMMR CRCs can also lead to the acquisition of more aggressive features. These and other confounding factors must be accounted for in studies evaluating the role of MSI in the characteristics of CRC.



3.4 Pathomics and artificial-intelligence–assisted prediction of MSI-H/dMMR status in CRC

Advances in artificial intelligence (AI) have augmented the development of pathomics and AI-assisted methods for the characterization of tumors from patients with CRC. Most research efforts have focused on the development of models to automate the analysis and increase the accuracy of gland segmentation, tumor classification, tumor microenvironment characterization, and prognostication (48, 49).

Significant progress has also been made in the development of AI-assisted models to predict MSI status in CRC based on the distinct histomorphological features of MSI-H/dMMR tumors (Table 1) (61). For example, an open-source AI system that was trained using routine pathology slides from eight multicenter cohorts facilitated accurate and fully automated prediction of MSI status, yielding an area under the curve (AUC) value of 0.96 (95% CI, 0.94–0.98) (50). The system was successfully applied as a rule-out test to predict MSS/pMMR and identify patients with CRC for whom molecular MSI testing is not required. Similarly, Cao et al. (51) developed a pathomics-based deep-learning model trained using histological data from The Cancer Genome Atlas (TCGA) and an Asian CRC cohort. The model accurately predicted MSI status from histopathological images, with an AUC of 0.8848 (95% CI, 0.8185–0.9512) in the TCGA cohort and 0.8504 (95% CI, 0.7591–0.9323) in the Asian CRC cohort. The model accurately captured various characteristics of MSI-H tumors, including poor differentiation and high TMB (51). In an effort to improve the performance of AI algorithms in predicting MSI, Saillard et al. (52) developed a self-supervised deep-learning model that was trained using histology images from the TCGA dataset. The model predicted MSI status in CRC with high sensitivity and specificity, achieving an AUC of 0.92 (95% CI, 0.84–0.99) and outperforming previous supervised deep-learning models.


Table 1 | Emerging non-invasive methods for predicting MSI-H/dMMR status in CRC.



AI-assisted algorithms have also been developed to predict TMB-H status, which is strongly correlated with MSI-H/dMMR status. Shimada et al. (53) developed a convolutional neural network-based algorithm to predict TMB-H status (defined as MSI-H, high TMB, or both) from hematoxylin and eosin (H&E)-stained slides of CRC tissues. The model integrated various histomorphological features of MSI-H/dMMR CRCs, including increased lymphocytic infiltration, abundance of peritumoral lymphocytes, mucinous features, Crohn’s-like inflammatory reaction, and medullary features. The model accurately predicted TMB-H status, providing an AUC of 0.934 (range, 0.835–0.981) (53).

Current testing strategies for MSI-H/dMMR status include polymerase chain reaction (PCR), next-generation sequencing (NGS), and immunohistochemistry (IHC). High testing costs and limited resources are critical factors that hinder the wider application of MSI testing in patients with CRC. Kacew et al. (62) used a representative population-based sample of individuals receiving first-line treatment for metastatic CRC (N = 32,549) in the US to estimate the clinical and financial consequences of predicting MSI status in CRC using AI-assisted methods instead of conventional methods. Their model showed that, compared with current testing strategies, MSI testing using AI followed by confirmatory PCR or IHC testing for patients testing dMMR/MSI-H-positive by AI resulted in the lowest population-level diagnostic costs (including testing and first-line drug costs) in this cohort ($400 million [12.9%] lower than that of NGS alone). The method also maintained 91% diagnostic accuracy and facilitated timely diagnosis (62). However, a key limitation of this study was that population-based costs were estimated using a model, and no real-world validation of costs was conducted. Hence, it is possible that AI-related costs were underestimated, as additional costs of applying AI in real-world clinical settings (e.g., internal validation, maintenance of hardware and software, and scanning slides) were not taken into account. Further validation of AI-assisted MSI prediction algorithms in large datasets and real-world cohorts is required to support the clinical adoption of these models in routine practice.



3.5 Molecular characteristics and MSI/MMR status in CRCs

MSI-H tumors have high genetic instability, and dMMR/MSI-H CRCs exhibit extensive intratumoral and intertumoral molecular heterogeneity (47). A key feature of MSI-H CRCs is the lack of MMR proteins or deletions in MMR-related genes. Hence, MSI-H/dMMR CRCs can be distinguished from MSS/pMMR CRCs using IHC, PCR, or NGS. Epigenetic mechanisms (e.g., DNA methylation) also contribute to the loss of MMR proteins in dMMR/MSI-H CRC. Thus, numerous methods have been developed to detect epigenetic alterations in clinical samples from patients with CRC.

The frequencies of TP53 loss, MLH1 promoter methylation, and KRAS and BRAF mutations vary between MSI-H and MSS CRCs (Table 2) (1, 63). BRAF-V600E mutations are more common in MSI-H CRCs than in MSS CRCs. In contrast, KRAS mutations and TP53 loss are more frequent in MSS than in MSI-H CRCs (1, 63). Approximately 80% of dMMR CRCs exhibit MLH1 promoter methylation (67). Because most sporadic dMMR CRCs exhibit MLH1 promoter methylation and many also have BRAF mutations, MLH1 promoter methylation analysis can be used to discriminate sporadic tumors from Lynch syndrome in patients without BRAF mutations. Absence of BRAF mutations and MLH1 promoter methylation in tumors is associated with hereditary forms of CRC (67, 68). In contrast, the BRAF-V600E mutation in patients with dMMR CRC is strongly associated with sporadic tumors (69). Several clinicopathological characteristics, including age at diagnosis, tumor location, and patient survival, differ between patients with MLH1-deficient/BRAF-V600E–mutated dMMR CRC and those with MLH1-deficient/BRAF wild-type dMMR CRC (70, 71). Interestingly, the characteristics of BRAF-mutated MSS CRCs appear to be distinct from those of BRAF-mutated MSI-H CRCs and BRAF wild-type MSS CRCs. Landau et al. analyzed 205 CRCs and found that stage IV tumors at diagnosis were significantly more common among patients with BRAF-mutated MSS CRCs than among those with BRAF-mutated MSI-H CRCs and BRAF wild-type MSS CRCs (P < 0.001) (64). They also found that cytokeratin 7 (CK7) loss was significantly more common in BRAF-mutated MSI-H and BRAF wild-type MSS CRCs than in BRAF-mutated MSS CRCs (P = 0.0001). Furthermore, cytokeratin 20 (CK20) loss was more common in BRAF-mutated MSI-H CRCs than in BRAF-mutated MSS and BRAF wild-type MSS CRCs (P = 0.001) (64). BRAF mutations in patients with metastatic dMMR/MSI-H CRC have been associated with poor outcomes, including shorter overall survival (OS) (72).


Table 2 | Frequency of common mutations in MSI-H and MSS CRCs.



Because MSI-H tumors are more genetically unstable than MSS tumors, MSI-H CRCs tend to accumulate mutations in various oncogenes and tumor suppressor genes, including BRAF, CTNNB1, HNF1A, PTEN, BRCA1, and BRCA2 (65, 73). Consequently, MSI-H CRCs have a higher TMB and neoantigen load than MSS CRCs (66, 74). Advances in NGS have contributed to the identification of several mutations associated with dMMR/MSI-H status in CRC. NGS analysis of tissues from 430 patients with CRC showed that mutations in MAPK pathway genes (e.g., KRAS, NRAS, BRAF) and HER2 were significantly more frequent in MSI-H CRCs than in MSS tumors (83.6% vs. 58.4%, P = 0.0003) (66).

In line with the high TMB of dMMR/MSI-H CRCs, NGS analysis of tumor samples from 64 patients with CRC showed that MSI-H tumors harbored a total of 1756 alterations (mean, 125; range 63–302) across 447 genes, whereas MSS tumors had only 493 alterations (mean, 10; range 1–26) across 186 genes (75). Among the total of 633 mutated genes, only 165 were altered in both groups. Both MSI-H and MSS tumors harbored mutations in APC, TP53, and KRAS, which are among the most frequently mutated genes in CRC. The most commonly altered genes that were mutated only in MSI-H tumors were ANKRD11 (78.6%), ARID1A (71.4%), KMT2B (71.4%), BCORL1 (64.3%), IGF1R (50.0%), KDM5 (50.0%), POLD1 (50.0%), and TSC1 (50.0%). Additionally, mutations in microsatellite loci (mononucleotide repeats) were more frequent in MSI-H CRCs than in MSS tumors.

Interestingly, the serum levels of molecular tumor markers, including CEA, CA 19-9, and CA 72-4, have also been associated with MSI/MMR status in CRC (55, 63). A retrospective analysis of samples from 2279 patients with CRC indicated that dMMR status was associated with normal CEA serum levels and elevated CA 72-4 levels (54). The use of serum CEA levels to predict dMMR status yielded AUC scores of 0.546 in the entire cohort and 0.554 in the TNM II/III subgroup. Similarly, serum CA 72-4 levels showed a modest ability to predict dMMR status, with an AUC score of 0.583 (54). Although the ability of individual serum tumor markers to predict MSI/MMR status is limited, the combination of serum markers and clinicopathological features may help identify patients with MSI-H/dMMR CRC (55). The combination of serum levels of CA 72-4 and CEA with patient age, histology type, tumor size, tumor location, degree of differentiation, lymph node metastasis, and peripheral nerve invasion to predict dMMR status in patients with CRC provided an AUC score of 0.849, which was considerably higher than the AUC scores of individual markers (54). Another retrospective analysis of 3,274 patients with CRC confirmed that the addition of CEA and CA 72-4 to dMMR prediction models significantly improved the discriminative ability of a pathology-based model in the primary (AUC: 0.805 [95% CI, 0.774–0.835] vs. 0.756 [95% CI, 0.722–0.789]; P < 0.001) and validation cohorts (AUC: 0.796 [95% CI, 0.758–0.835] vs. 0.754 [95% CI, 0.715–0.793]; P < 0.001) (55).



3.6 Radiomic characteristics of MSI-H/dMMR CRCs

Using non-invasive methods to predict MSI status prior to treatment or surgery remains an unmet clinical need. The usefulness of traditional radiological evaluation of CRCs using computed tomography (CT) to predict MSI status is limited. Therefore, novel CT technologies and radiomic features to predict MSI/MMR status in CRC have been evaluated in several studies (Table 1).

In a recent radiomics analysis of iodine-based material decomposition images captured by dual-energy CT imaging, a nomogram based on a combination of clinical factors and radiomics scores predicted MSI status in pretreatment patients with CRC (76). Preliminary findings from a retrospective study indicated that a CT-based nomogram consisting of six radiomic features and 11 clinical characteristics could predict MSI status in patients with stage II CRC, yielding an AUC of 0.752 (sensitivity, 0.663; specificity, 0.842) (56). Consistently, a multicenter study demonstrated that preoperative triphasic enhanced CT radiomics signatures consisting of 32 features could predict MSI status in 502 patients with CRC (57). Delayed-phase models were superior to arterial- or venous-phase models in predicting MSI status. Although these studies demonstrated the feasibility of using radiomic features to predict MSI status in CRC, the nomograms were developed based on data from relatively small patient cohorts.

To develop an MSI-predictive nomogram based on radiomics data from a large cohort, Pei et al. (77) used texture analytical software to extract pelvic CT radiomic features from 762 patients with CRC. Patients with MSI-H tumors showed significantly higher radiomics nomogram scores, suggesting that pretreatment radiomic features can be used as a non-invasive method to predict MSI status in patients with CRC (77). In contrast, another study involving the development and validation of a model to predict MSI status by integrating clinical, pathological, and radiomics data from a large cohort of patients with rectal cancer (n = 788) showed that the nomogram provided a moderate ability to predict MSI status. However, the model provided a higher AUC than clinical, pathological, and radiomic features alone (AUCs: 0.757, 0.584, 0.585, and 0.737, respectively) (58). In contrast to previous efforts to develop MSI-prediction models based on tumoral CT-based radiomics, Ma et al. (59) developed a machine-learning model to predict MSI status using both tumoral and peritumoral radiomic signatures. The model predicted MSI status in rectal cancer, achieving AUCs of 0.817 (95% CI, 0.772–0.856) and 0.726 (95% CI, 0.648–0.796) in the training and validation sets, respectively.

Positron emission tomography (PET)/CT has also been used as a non-invasive method to predict MSI status in patients with CRC and analysis of quantitative imaging markers via statistical modelling may further reflect pathophysiology and allow objective evaluation of tumor heterogeneity, giving more information than a single IHC/PCR assay. Li et al. (78) conducted a radiomics analysis using preoperative 18FDG PET/CT images to predict MSI/MMR status in 173 patients with CRC. They identified one PET radiomic feature (wavelet-LHH_firstorder_Skewness_PET) and one CT radiomic feature (wavelet-HHL_firstorder_RootMeanSquared_CT) that were associated with MSI status (both P < 0.05), providing a quantitative and non-invasive approach to identify patients with MSI-H/dMMR CRC (78). Metabolic parameters derived from preoperative 18FDG PET/CT images have also been found to predict MSI status in 44 patients with CRC (79). Metabolic tumor volume (MTV)30%, MTV40%, MTV50%, MTV60%, total lesion glycolysis (TLG)50%, and TLG60% differed significantly between the MSI and MSS groups (all P < 0.05). Among these parameters, MTV50% was the strongest predictor of MSI (79). Although PET is expensive and may not be readily available in all clinics, predicting MSI status using PET/CT is non-invasive and does not require tissue biopsy. Therefore, it could be adopted for patients with insufficient biopsy tissues for IHC/PCR testing or without biopsy tissue. Even though IHC is inexpensive and widely available, variations in IHC fixation and staining protocols and objectivity in scoring may influence its accuracy in identifying dMMR/MSI-H tumors.

MRI-based radiomic features have also been used to develop non-invasive models to predict MSI status in CRC. For example, Zhang et al. (60) developed a model integrating six MRI-derived radiomic features and clinical characteristics to predict MSI preoperatively in 491 patients with rectal cancer. The combined model yielded an AUC of 0.895 (95% CI, 0.838–0.938), which was significantly higher than that obtained using clinical characteristics alone (AUC: 0.685 [95% CI, 0.608–0.755]; P = 0.015).



3.7 Racial disparities in MSI-H/dMMR CRC

Racial differences in the prevalence of MSI-H/dMMR CRC have been reported (Table 3) (102–104). For example, the incidence of MSI-H CRC is relatively high among Egyptians (37%), African Americans (12%–45%), Europeans (5%–24%), and Caucasian Americans of European descent (8%–20%) (73, 80, 86–88, 105). In contrast, the reported incidence of MSI-H CRC in Asian countries is relatively low, ranging from 3.8% to 20.0% in Japan (92, 93) and from 4.5% to 15.0% in China (94, 95). Furthermore, the reported frequency of dMMR in synchronous CRCs is lower in Japanese patients than in Western patients (106).


Table 3 | Incidence of MSI-H/dMMR colorectal cancer in different populations.



In line with racial differences in the prevalence of MSI-H/dMMR CRC, accumulating evidence suggests that racial/ethnic disparities also exist in the genetic profiles of CRCs (102, 107, 108). Zhang et al. sequenced tumors from 1,110 Chinese patients with CRC to identify oncogenic mutations. They found that 45.4%, 3.9%, 3.1%, and 3.5% of tumors harbored mutations in KRAS, NRAS, BRAF, and PIK3CA, respectively (109). Interestingly, the frequency of the BRAF V600E mutation was 3.1%, which is lower than that reported in studies conducted in Western countries. To identify racial differences in the tumor microenvironment of colon cancers, Paredes et al. analyzed gene expression in tumor tissues in a US cohort. They found that tumors from African American patients had higher expression levels of FOXP3, IL1B, and IL8 than tumors from Caucasian Americans (all P < 0.05) (46). In contrast, tumors from Caucasian Americans had higher expression levels of markers associated with antitumor immune responses, including GZMB, IFNG, CD274 (encoding PD-L1), and CTLA4 (all P < 0.05).

The combination of non-modifiable genetic factors (e.g., family history, genetic polymorphisms) and environmental factors (e.g., diet, body weight, sedentary lifestyle, and exercise) may contribute to racial and ethnic disparities in the incidence and mortality of CRC (109–111).



3.8 Disparities of MSI-H/dMMR CRCs in hereditary vs. sporadic CRCs

Family history, age at disease onset, and prognosis are among the clinical characteristics that differ between patients with Lynch syndrome and those with sporadic MSI-H CRC. In contrast to patients with Lynch syndrome, those with sporadic MSI-H CRC often have no family history of CRC (45). Consistent with the role of germline mutations in hereditary colorectal syndromes, Lynch syndrome typically presents earlier in life than sporadic MSI-H CRCs (45, 112). Additionally, patients with stage I–III MSI CRC have a lower OS rate than those with Lynch syndrome; however, no significant differences in recurrence-free survival rates have been reported (113).

Histological and morphological differences also exist between sporadic MSI-H CRCs and Lynch syndrome. Sporadic MSI-H CRCs typically have cytoplasmic eosinophilia, and large, round, vesicular nuclei with a prominent nucleolus. In contrast, the cytological features of Lynch syndrome are similar to those of conventional adenomas (45). Furthermore, lymphocytic infiltration, tumor-cell de-differentiation, and presence of adenomas are more common in Lynch syndrome than in sporadic MSI-H CRCs. In contrast, mucin secretion, poor tumor differentiation, high intratumoral heterogeneity, Crohn’s-like reaction, glandular serration, and the presence of serrated polyps are more frequent in sporadic MSI-H CRCs than in Lynch syndrome (45, 113, 114).

Genetic factors predisposing individuals to DNA methylation may contribute to differences in clinicopathological characteristics between hereditary and sporadic MSI-H CRCs (45). Methylation of the MLH1 promoter and BRAF V600E mutations are frequently detected in sporadic MSI-H CRCs but not in patients with Lynch syndrome, suggesting that testing for BRAF mutations and MLH1 promoter methylation may help differentiate Lynch syndrome from sporadic MSI-H/dMMR CRC (115–117).




4 Conclusions

MSI CRCs possess distinct clinicopathological and molecular characteristics compared to MSS CRCs. In recent years, the development and exploration of novel testing technologies and methods, including NGS, AI-based histological algorithms, and image-based radiomic analysis, have shown promise for further defining and identifying this unique subgroup of CRCs. Combining multiple parameters with machine learning is a promising strategy to improve the performance of predictive models. The integration of histopathological and clinicopathological characteristics may improve the identification of patients with MSI-H/dMMR CRC. Progress in testing methods and predictive models has led to a deeper understanding of the disease and has important implications for patient management. The future development and utilization of these methods may hold promise for improving patient outcomes and for the development of novel therapeutics for patients with MSI-H/dMMR CRC.
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Background

Currently, a very small number of patients with colorectal cancer (CRC) respond to immune checkpoint inhibitor (ICI) treatment. Therefore, there is an urgent need to investigate effective biomarkers to determine the responsiveness to ICI treatment. Recently, aberrant 5-methylcytosine (m5C) RNA modification has emerged as a key player in the pathogenesis of cancer. Thus, we aimed to explore the predictive signature based on m5C regulator–related genes for characterizing the immune landscapes and predicting the prognosis and response to therapies.



Methods

The Cancer Genome Atlas (TCGA) cohort was used as the training set, while GEO data sets, real-time quantitative PCR (RT-qPCR) analysis from paired frozen tissues, and immunohistochemistry (IHC) data from tissue microarray (TMA) were used for validation. We constructed a novel signature based on three m5C regulator–related genes in patients with rectal adenocarcinoma (READ) using a least absolute shrinkage and selection operator (LASSO)-Cox regression and unsupervised consensus clustering analyses. Additionally, we correlated the three-gene signature risk model with the tumor immune microenvironment, immunotherapy efficiency, and potential applicable drugs.



Results

The m5C methylation–based signature was an independent prognostic factor, where low-risk patients showed a stronger immunoreactivity phenotype and a superior response to ICI therapy. Conversely, the high-risk patients had enriched pathways of cancer hallmarks and presented immune-suppressive state, which demonstrated that they are more insensitive to immunotherapy. Additionally, the signature markedly correlated with drug susceptibility.



Conclusions

We developed a reliable m5C regulator–based risk model to predict the prognosis, clarify the molecular and tumor microenvironment status, and identify patients who would benefit from immunotherapy or chemotherapy. Our study could provide vital guidance to improve prognostic stratification and optimize personalized therapeutic strategies for patients with rectal cancer.
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Introduction

By blocking programmed cell death 1/programmed cell death ligand 1 (PD1/PDL1) axis, immune checkpoint inhibitors (ICIs) have introduced a new era of antitumor therapy that could elicit durable responses and significantly improve survival in several tumors (1, 2). However, the contexture and organization of the immune environment can be highly heterogeneous among tumors, even within the same cancer type, leading to a complex crosstalk within the tumor immune microenvironment (TIME) (3). The overall status of tumor-infiltrating lymphocytes (TILs) in TIME closely correlates with the efficacy of immunotherapy. According to the immune cell status in TIME, tumor immune infiltration pattern could be broadly classified into “hot tumor” (indicating presence of CD8+ and CD4+ T cells accompanied by high expression of immune checkpoint molecules) and “cold tumor” (representing the deficiency of immune cells within the tumor parenchyma) (4, 5). The former has a potential antitumor efficacy, while the latter barely benefits from the ICI therapy (6). At present, patients with deficient mismatch repair (dMMR)/microsatellite instability-high (MSI-H) have more immune cell infiltration accompanied by high tumor mutational burden (TMB), while microsatellite stable (MSS)/microsatellite instability-low (MSI-L) patients have low abundance of TILs and low TMB (7, 8). Moreover, according to the KEYNOTE-016 study, 62% of colorectal cancer (CRC) patients with MSI-H phenotype achieve an objective response, while patients with MSS/MSS-L tumors cannot achieve objective response, indicating a better efficacy of immunotherapy in patients with dMMR/MSI-H tumors (9). Nonetheless, dMMR/MSI-H tumors account for only 15% of all patients with CRC (7, 10). Therefore, establishing effective predictive biomarkers is essential for the improvement of immunotherapeutic strategy.

RNA modification plays an important role in the regulation of gene expression. More than 150 RNA modifications containing N6-methyladenosine (m6A), 5-methylcytosine (m5C), and N1-methiadenosine (m1A) have been investigated (11, 12). Among these modifications, m5C is one of the most intensively researched epigenetic modifications, and overall, 95391 m5C sites in the human genome have been identified (13). The m5C methylation landscape is regulated by a dynamic process that integrates methyltransferases (“writer”), binding proteins (“readers”), and demethylases (“erasers”) (14, 15). Although m5C is widely recognized for its essential function as an epigenetic marker for DNA, research into its functional roles in RNA is beginning to emerge. It has been shown that a vast majority of azactidine (5-AZA), widely used to treat hematologic malignancies, is incorporated into RNA instead of DNA of treated tumor cells (16). Therefore, the potential use of m5C RNA modification as a novel therapeutic target for various types of cancers is a current topic of research.

RNA methylation impacts the efficacy of tumor immunotherapy by modulating immune activity in a range of tumors (17). Recently, several studies have uncovered the close relationship between TIME-infiltrating immune cells and m5C RNA methylation. Pan et al. found that NOP2/Sun RNA methyltransferase 4 (NSUN4) and NOP2/Sun RNA methyltransferase 3 (NSUN3) were closely related to the infiltration by six major immune cells that could regulate TIME in lung squamous cell carcinoma (18). Gao et al. showed that m5C RNA modification patterns could predict and affect TIME in oral squamous cell carcinoma (19). Despite these facts, the relationship between RNA methylation and tumor immunotherapy is still in its infancy. In the current study, we integrated multiple data sets and developed a novel signature based on the expression of m5C RNA methylation regulators, which could be used to evaluate risk status and predict prognosis of patients with rectal adenocarcinoma. Furthermore, we comprehensively explored the correlations between the m5C RNA methylation regulator–based signature having immune characteristics, mutational burden, and immunotherapeutic and chemotherapeutic sensitivity in READ (rectal adenocarcinoma) patients. Our results suggested that the established signature based on m5c RNA methylation regulators could be used as a robust biomarker to predict the clinical prognosis and therapeutic effect among patients with rectal cancer.



Materials and methods


Acquisition and processing of data sets

The RNA-sequencing transcriptome data (TPM value) and corresponding clinical annotation were retrieved from The Cancer Genome Atlas (TCGA) database (http://gdc-portal.nci.nih.gov/). After patients without survival information were excluded, a total of 434 colon adenocarcinoma (COAD) and 157 READ samples were integrated for further analysis. The validation data set was retrieved from the Gene Expression Omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/) under the accession number GSE87211 (n=190) (20) and GSE133057 (n=17) (21). The copy number variations (CNV) of READ used in our research were retrieved from the UCSC Xena browser (http://xena.ucsc.edu/), where genes with CNV values smaller than −0.3 were categorized as a “loss,” while CNV values larger than 0.3 were categorized as a “gain.” The messages of simple nucleotide variations (SNV) were retrieved from the TCGA database, R package maftools was used to analyze the level 4 mutation data, and the mafCompare function of maftools was used to identify the differentially mutated genes (DMGs) (22). The neoantigens and mutation loads for READ were accessed from The Cancer Immunome Atlas (https://tcia.at/) database (23). Information on CMS subtyping calls and sample annotations were retrieved from the Colorectal Cancer Subtyping Consortium Synapse (24). The STRING database can predict the functional links between proteins based on a variety of algorithms. The genes with the highest confidence scores were identified as the functional partners of specific genes (25). The Gene_DE module of Tumor Immune Estimation Resource (TIMER, cistrome.shinyapps.io/timer) can be utilized to examine the mRNA expression profiles between the tumor tissues and the normal tissues (26). We used the Human Protein Atlas (HPA) database to analyze the protein expression levels of candidate genes in tumor tissues and corresponding normal tissues (27).



Construction of gene signature and survival analysis

The least absolute shrinkage and selection operator (LASSO) model is a linear regression method applying L1-regularization, which could accurately contract some regression coefficients to zero to achieve sparseness and feature selection (28). The LASSO model was generated through R package glmnet. At the penalty coefficient (λmin = 0.036), the optimal risk model was established based on three m5C regulatory genes. Next, the R package survival was used to calculate the risk scores for rectal cancer samples. The following formula was used:

	

Patients from the TCGA training cohort were separated into a high-risk and a low-risk group according to the median value of the calculated risk score. Patients from the GEO validation data set were grouped based on the optimal cutoff decided by cutp function of the R package survMisc. The Kaplan–Meier method was employed to compare the survival probability between the two risk subgroups.



Functional enrichment analysis

Differentially expressed genes (DEGs) between the subgroups were identified by R package limma. Metascape (http://metascape.org), a web tool comprising Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis (29), was used to identify the terms across different ontology sources enriched based on the screened DEGs. A GOCircle plot was depicted to show the enriched terms by R package Goplot (30). To further investigate pathways enriched in specific subgroups, we performed Gene Set Variation Analysis (GSVA) by R package GSVA. GSVA is a gene set enrichment method that estimates variation of pathway activity over a sample population in an unsupervised manner (31). The gene set of “c5.go.v7.4.symbols” was downloaded from MSigDB database, and gene markers of epithelial–mesenchymal transition (EMT) including EMT1, EMT2, and EMT3; angiogenesis; pan-fibroblast TGFβ; and type I IFN response were obtained from previous studies for GSVA analysis (32, 33).



Immune cell infiltration analysis

A total of 28 immune cell types were collected for GSVA analysis (23). A web server TIMER, integrating multiple algorithms (TIMER, Cell-type Identification By Estimating Relative Subsets Of RNA Transcripts [CIBERSORT], European Prospective Investigation into Cancer and Nutrition [EPIC]) was used to estimate the abundances of immune cell types based on the gene expression profiles (26, 34, 35). The ratios between immune-stimulatory signatures and immune-inhibitory signatures (CD8+/CD4+ regulatory T cells, pro-/anti-inflammatory cytokines, and M1/M2 macrophages) were also compared between the subgroups based on the average expression levels of the marker genes (36). The immune system–related genes were obtained from previous studies (23, 37–39). The Pearson correlation was calculated and then depicted by R package corrplot.



Prediction of the efficacy of immunotherapy and chemotherapy

A web platform named Tumor Immune Dysfunction and Exclusion (TIDE, http://tide.dfci.harvard.edu) was used to evaluate the anti-PD1 and anti-CTLA4 immunotherapeutic response based on the gene expression profiles of the TCGA-READ cohort (40). To validate the correlation between immunotherapeutic efficacy and three genes–based risk model, another data set was retrieved, which included 348 patients with metastatic urothelial cancer who were treated with an anti-PD-L1 agent (32). The R package oncoPredict can be used to discover drug sensitivity in vitro and in vivo contexts (41). The half-maximal inhibitory concentration (IC50) was calculated to predict the chemotherapeutic response in READ patients. The Cancer Therapeutics Response Portal (CTRP, https://portals.broadinstitute.org/ctrp/) (42) and Profiling Relative Inhibition Simultaneously in Mixtures (PRISM, https://depmap.org/portal/prism/) (43) were both developed to access the associations between drug sensitivity and gene expression. The calcPhenotype function of R package oncoPredict was used to calculate the AUC (Area Under Curve) value of each drug based on the CTRP and PRISM databases. Lower AUC value indicates higher sensitivity to therapeutic drugs.



Consensus clustering analysis

To further validate the reliability of discriminating patients with rectal cancer into two subgroups based on the three m5C regulatory genes, DEGs were identified through R package limma between the low- and high-risk groups. Furthermore, univariate Cox regression analysis was carried out by R package survival to filter prognostic genes on the basis of DEGs. Ultimately, unsupervised clustering analysis was conducted by using R package ConsensuClusterPlus, which was repeated 1,000 times to identify different risk gene clusters (44).



Tissue microarray–based immunohistochemistry validation

From Superbiotek in Shanghai, China (#REC1601), we acquired a TMA of 80 paired rectal cancers and corresponding normal tissues. Surgical samples from the patients were taken between May 2008 and December 2012 through operations. The patients’ median survival duration was 81.5 months, ranging from 14 to 130 months. For every case, clinicopathological information including overall survival time, survival status, age, gender, tumor size, pathological T, N, and M stage, and grade was accessible. Based on this commercial TMA, we conducted a retrospective analysis.

For immunohistochemistry (IHC) process, the TMA slides were deparaffinized, rehydrated, and incubated by 3% hydrogen peroxide to block the endogenous peroxidase activity for 10 min at room temperature. Antigens were restored by boiling in a pressure cooker containing sodium citrate buffer for 90 s. The slides were incubated in bovine serum albumin (BSA) for 30 min to reduce nonspecific background. Then, they were incubated with rabbit monoclonal NSUN4 antibody (HPA028489, Sigma), NSUN7 antibody (HPA020653, Sigma), and DNMT1 antibody (HPA002694, Sigma) at 4°C overnight. Next, secondary antibody was incubated with the slides for 1 h at 37°C. Finally, the slides were developed in 3, 3’-diaminobenzidine (DAB) and stained with hematoxylin.

The slides were assessed digitally with the APERIO ScanScope (Leica Biosystems, Germany) and the APERIO ImageScope (Leica Biosystems, Germany) using the positive pixel counting algorithm. The IHC staining results were interpreted by both the intensity of staining and the staining positive area. Each sample was assigned a score according to the intensity of the staining (0 = no staining; 1 = weak staining; 2 = moderate staining; and 3 = strong staining) and the proportion of stained cells (0 = 0%; 1 = 1%–25%; 2 = 25%–50%; 3 = 50%–75%; 4 = 75%–100%). The final score was calculated as the staining intensity multiplying positive area score, ranging from 0 to 12. The IHC results of TMA-rectal cancer were independently reviewed by two experienced pathologists who were blinded to the clinical parameters.



Real-time quantitative PCR validation

For the RT-qPCR experiment, tissue samples from 26 rectal cancer patients and matched nearby normal tissue samples (proximity to the cancer larger than 5 cm) were collected at the Affiliated Hospital of Qingdao University. The inclusion requirements were as follows (1): a pathological analysis and imaging-based diagnosis of rectal cancer; (2) radical resection; (3) available information on clinicopathological indexes, such as tumor size, pathological stage, and pathological TNM; (4) pathological TNM in accordance with the 8th edition of the American Joint Committee on Cancer; and (5) lack of a prior history of other malignancies. Patients with recurrent rectal cancer and nonprimary malignancies as well as those who had had neoadjuvant chemotherapy and/or radiation prior to surgery were disqualified. All of the included patients gave their informed permission. The Affiliated Hospital of Qingdao University’s Research Ethics Committee approved the study, and it was completed in conformity with the 1964 Helsinki Declaration and its later amendments.

Total RNA was extracted using RNeasy kit (Beyotime, Shanghai, China, R0027) in accordance with the manufacturer´s instructions. Then, total RNA (1 µg) was quantified, followed by reverse-transcription by the SuperScript II reverse transcriptase (Takara, Japan, RR047). Quantitative PCR analysis was operated using SYBR Green Mix (Takara, Japan, RR820) with ABI 7900 HT Real-Time PCR system. The primer sequences are listed below: NSUN4, 5’-CCAAACCCTGGCAAAAGGTG-3’, 5’- GCGTGCCGGTCATAGAAGAA-3’; NSUN7, 5’-CCAGATCATTTGAGCAGTCTTATT-3’, 5’- GGTTCTCTACTTCTTGAACTTCTGA-3’; DNMT1, 5’-ATCCGAGGAGGGCTACCTG-3’, 5’- ACTTCTTGCTTGGTTCCCGT-3’; GAPDH, 5’-CTGACTTCAACAGCGACACC-3’, 5’-TGAGCTTGACAAAGTGGTCGT-3’. mRNA levels were determined relatively according to the expression of GAPDH.



Statistical analysis

The t-test or Wilcoxon test was adopted for comparisons of two groups, and one-way ANOVA or Kruskal–Wallis test was adopted for comparisons of three or more groups. The choice of t-test vs. Wilcoxon test, or one-way ANOVA vs. Kruskal–Wallis test, was based on the normality of the variables. Chi-squared tests were used to analyze the distribution of variables among different subgroups. Multivariate Cox regression analysis was carried out by R package survival. Receiver operating characteristic (ROC) analysis was used to evaluate the predictive power of the established model. We constructed nomograms to predict survival probability using R package rms. P value less than 0.05 was recognized as significant in this research.




Results


Construction of m5C RNA methylation regulator–based signature for READ patients

The schematic diagram summarizes the study design of the current research (Figure 1). m5C RNA modification regulators (NOP2 nucleolar protein [NOP2], NOP2/Sun RNA methyltransferase [NSUN]2, NSUN3, NSUN4, NSUN5, NSUN7, DNA methyltransferase [DNMT]1, DNMT3A, DNMT3B, tRNA aspartic acid methyltransferase 1 [TRDMT1], Aly/REF export factor [ALYREF], and tet methylcytosine dioxygenase 2 [TET2]) were integrated in this research based on the previously published articles (40, 45). To explore the function of these regulators, univariate Cox analyses were conducted for COAD and READ separately. Interestingly, we found that the m5C modification regulators mainly played their roles in READ contrasting with COAD; specifically, NOP2, NSUN4, NSUN7, DNMT1, and TRDMT1 functioned as protective factors for patients of READ (Figure 2A). Therefore, in the following research, we focused mainly on the functions of the m5C RNA modification regulators related to READ. Owing to the observation of the prognostic value of the m5C regulators, we explored the overall prognostic impact of these regulators on READ. We built a prognostic model based on the mRNA expression value of total m5C regulators multiplying hazard coefficients to predict the survival events of READ patients. Next, the patients were classified into two groups (Figure 2B). As expected, the high-risk group presented a worse survival rate than the low-risk group, which was observed both in TCGA and in GSE87211 data sets (Figure 2C). Correlations among the mRNA expression levels of the m5C modification regulators were analyzed by Pearson correlation analysis. The results exhibited a whole trend of positive correlation among m5C regulatory genes (Figure 2D), and protein–protein interactions were calculated using String data sets (Figure 2F), which demonstrated that the m5C regulators could play an integrated role in impacting the prognosis of patients with READ. The CNV events were also examined by retrieving the mutation data from the TCGA-READ cohort. NSUN4, NSUN7, and TET2 had a tendency to a loss of copy number, while the remaining regulators often showed copy number gain events. Specifically, DNMT3B showed the most frequent CNV events, followed by NSUN5 (Figure 2E), implying that m5C regulators play an important role in the process of m5C modification in READ. These results indicated the potential potency of the m5C regulators as prognostic biomarkers for READ patients.




Figure 1 | Schematic diagram of the study design.






Figure 2 | The prognostic value of m5C RNA methylation regulators. (A) Forest plot of the prognostic ability of the m5C regulator genes in COAD and READ separately. (B) The risk score distribution and patient survival status are shown in ranked dot and scattered plots based on the expression of m5C regulator genes. (C) The Kaplan–Meier curves for OS, PFS, and DFS between the high-risk and the low-risk groups in READ from the TCGA and GSE87211 cohorts. (D) Pearson correlation among the m5C regulators in READ patients. (E) The CNV variation frequency of the m5C regulators in the TCGA cohort. The orange rectangle = the amplification frequency; the blue rectangle = the deletion frequency. (F) The PPI network depicted for m5C regulators. CI, confidence interval; DFS, disease-free survival; HR, hazard ratio; OS, overall survival; PFS, progression-free survival. *P < 0.05.



To promote the clinical application, LASSO-penalized Cox analysis was performed to enhance the forecast accuracy and explainability of the statistical model. In the current model, the optimal penalty coefficient (λ = 0.036, log λ = −3.33) was identified with the minimum criterion (Figure 3A). In Figure 3B, each curve indicates the track of a single gene, and the red dot represents the target lambda. We can see that three genes (DNMT1, NSUN4, and NSUN7) were retained after the shrinking process. Then, the produced three prognostic indicators were employed to predict clinical results.




Figure 3 | Prognostic significance of the m5C methylation-based signature in READ patients. (A) The process of LASSO regression based on the TCGA cohort and the identification of “lambda” for best selection of gene signature. (B) The curves indicate the tracks of single genes; the red dot line represents the target lambda. The blue track refers to NSUN4, pink track refers to NSUN7, and black line is DNMT1. (C) The Kaplan–Meier curves for OS and DSS between two categories in READ from the TCGA data set; the Kaplan–Meier curves for OS, 5-year survival based on the GSE87211 data set; the Kaplan–Meier curves for 7-year survival based on the GSE133057 data set. (D) The univariate and multivariate Cox analysis integrating risk score and clinicopathological indexes based on the TCGA cohort. (E) The prognostic ability of the risk score in distinguishing the overall survival status for READ patients with or without lymph node metastasis. The prognostic ability of the risk score in differentiating the overall survival status in patients with age less than 65 years or those with 65 years or more. CI, confidence interval; DFS, disease-free survival; DSS, disease-specific survival; HR, hazard ratio; OS, overall survival. *P < 0.05.





Prognostic significance of the m5C methylation–based signature in READ patients

To confirm the effectiveness of the established model, we carried out Kaplan–Meier survival analyses. We found a superior survival status in the low-risk group compared with the corresponding high-risk group in both the TCGA dataset and two GEO cohorts, illustrating that the built model could significantly predict the prognosis of READ patients (Figure 3C). Similar processes were applied to the samples of COAD patients, and no factor was retained after LASSO analysis (Figure S1A). The three factors identified in the READ patients were repurposed for COAD samples; as expected, the survival curves of the two groups were highly crossed (Figure S1B). To further explore the relationship of the prognostic risk model of the three m5C regulators and clinical features in READ, univariate and multivariate Cox regression analyses were conducted. To facilitate the understanding of the patients’ clinical and genetic background, a table including basic information about the low- and high-risk groups is displayed in Table S1. The results of Cox regression analysis revealed that the risk score was an independent prognostic factor for READ, unrelating to clinicopathological parameters, such as pathologic N and age (Figure 3D). We further investigated whether the risk score could further subdivide the pathological N and age parameters. The results showed that the established risk score further distinguished the risk pattern in subgroups differentiated by age, successfully stratified the patients in the N0 pathological stage, and exhibited a tendency to differentiate patients in the N1 pathological stage due to small sample size (Figure 3E). To visualize the expression pattern of m5C regulators, a heat map was depicted. To our expectation, the majority of the methylation regulators displayed a significant high expression module in the low-risk group (Figure S2), which is reasonable due to their protective ability in READ. Thus, this powerful and accurate model symbolized a potential clinical parameter for patients with READ.



Construction and validation of a nomogram combined with clinical parameters

To make the m5C regulator–based risk signature more clinically adapted and available, a prognostic nomogram was depicted integrating the risk factors and independent identified parameters of READ. The aim was to establish a quantitative analytic algorithm that could be put into practice for survival prediction. In the current case, the pathologic N, age, and risk score were integrated to calculate the corresponding score, which could be used as an index for matching the one-, three-, and five-year death probabilities (Figure 4A). To reinforce the superior capability of the established nomogram, the ROC analyses were used to compare the prognostic accuracy and specificity. The results indicated that the nomogram was superior to other independent clinical factors for predicting the overall survival (OS) of READ patients in the TCGA cohort (AUC of one-year OS = 0.803; AUC of three-year OS = 0.855; AUC of five-year OS = 0.838; AUC of overall survival = 0.834; Figure 4B). The calibration curve was drawn to confirm the consistency between the nomogram-predicted and the actual probability. The calibration curves were close to the optimal performance in the one-, three-, and five-year nomogram (Figure 4C), indicating the accuracy of the constructed nomogram. These results implied that the three-gene signature was capable and reliable to make prediction for READ patients.




Figure 4 | Construction and validation of a risk model based on m5C methylation regulators. (A) The predictive nomogram integrating the risk score and clinicopathological parameters for 1-, 3-, and 5-year OS in READ patients from the TCGA cohorts. (B) The ROC for nomogram and independent clinical parameters for 1-, 3-, and 5-year OS based on the TCGA cohort in READ patients. (C) The calibration curve depicted for 1-, 3-, and 5-year nomogram in TCGA. OS, overall survival.





Functional enrichment analysis of m5C methylation–based signature between low- and high-risk READ patients

To explore the underlying molecular mechanisms of the m5C-based signature, GO, GSEA, and GSVA analyses were performed. DEGs were identified using the limma algorithm, and the result is displayed as a volcano plot (Figure S3). Next, the screened DEGs were put into the GO analysis. The GO pathway enrichment analysis revealed that the most significantly changed pathways in the high-risk subgroup were mainly related to cancer and immune-targeted processes, such as epithelial–mesenchymal transition, angiogenesis, hypoxia, regulation of leukocyte migration, and regulation of macrophage activation; however, cell cycle–related pathways, including G2M checkpoints, sister chromatid segregation, and signal transduction in response to DNA damage, were mainly converged in the low-risk group (Figure 5A). The GSEA analysis confirmed these findings and showed some extent of overlap with the GO analysis results (Figure 5B). In order to clarify the specific roles of these pathways according to the risk categories, a series of related gene sets were collected to further carry out the GSVA analysis. Importantly, the GSVA results revealed that the process of angiogenesis, EMT, and pan-fibroblast TGFβ were consistently upregulated in the high-risk category (Figure 5C). Meanwhile, the GSVA analysis indicated that many biological functions in the high-risk group primarily correlated with inflammatory responses and carcinogenic reactions, while in the low-risk group, RNA methylation process and drug response were significantly enriched (Figure 5D). These features gave the hint that cancer–immunity interaction is the potential mechanism of the m5C-based risk signature, and the efficacy of the established model was further validated by the above results.




Figure 5 | Functional enrichment analysis of the m5C methylation-based signature between low- and high-risk READ patients. (A) The enriched pathways including GO and HALLMARK terms are displayed by GOcircle plots. The red and blue dots represent the genes upregulated in the low-risk and high-risk categories separately. (B) GSEA enrichment plots for the two subgroups in the TCGA cohort. (C) The GSVA analysis for hallmarks of cancer in the TCGA cohort. (D) The heat map drawn for GSVA analysis based on GO terms. DEGs, differentially expressed genes. ****P < 0.0001; ***P < 0.001; **P < 0.01; *P < 0.05; ns, not significant.





The immune characteristics of the m5C regulator–based signature in READ

Due to the close relationship between the built model and immune process, the detailed connection between the risk signature and immune cell abundance was studied. The GSVA and deconvolution algorithms including CYBERSORT, TIMER, and EPIC were used to evaluate the extent of infiltrating immune cells. CD4+ T cells, B cells, CD8+ T cells, dendritic cells, and T helper cells exhibited higher expression in the low-risk category; meanwhile, the abundance of myeloid-derived suppressor cells (MDSC) and regulatory T cells (Tregs) was elevated in the high-risk category compared with the low-risk group (Figures 6A–C, E). Furthermore, additional investigations were conducted to substantiate the above findings. The ratio between the immune stimulatory signatures (including CD8+ T cells, proinflammatory cytokines, and M1 macrophages) and the immune inhibitory signatures (integrating CD4+ regulatory T cells, anti-inflammatory cytokines, and M2 macrophages) was significantly increased in the low-risk category (Figure 6D), which was consistent with the above results, indicating an immune-inhibiting environment in the high-risk group and a proinflammatory status in the low-risk group. We collected the signatures of cancer–immunity cycle and immune stimulators. The heat maps showed that the majority of genes exhibited higher expression in the low-risk group (Figure 6F) and the established risk score correlated negatively with the expression of most of the immune stimulators (Figure 6G). According to the obtained evidence, the low-risk group belongs to activated immune microenvironment, while the high-risk group shows a suppressed immune phenotype.




Figure 6 | The immune characteristics of the m5C regulator–based signature in READ. The deconvolution algorithms of TIMER (A), EPIC (B), and CIBERSORT (C), which were applied to estimate the immune infiltration status between the high- and low-risk groups. (D) The ratios of CD8+ T cells to CD4+ regulatory T cells, pro- to anti-inflammatory cytokines, and M1 to M2 macrophages in the TCGA dataset. (E) GSVA analysis based on GO terms for the high- and low-risk groups. (F) The heat map depicts the expression of positive genes collected from cancer–immunity cycle based on the TCGA cohort. (G) Pearson correlation among immune stimulators was conducted and is shown in a correlation heat map. Correlations with P value > 0.05 are blank. ****P < 0.0001; ***P < 0.001; **P < 0.01; *P < 0.05.





The mutational landscape for the m5C regulator–based signature in READ

Considering the evidence that hot tumor is more sensitive to immune therapy, we hypothesized that the low-risk group of our established model might be more readily responsive to immune therapies than the high-risk group. Previous studies have revealed that high somatic mutation and neoantigens represent a higher possibility to response. Thus, we investigated the differences in mutation status between the two groups. First, we identified the top 10 mutated genes in rectal cancer using the maftools R package (Figure S4A), and these genes were subsequently compared between the two subgroups. A significantly higher mutational rate of RYR2 was observed in the low-risk group, while the other genes showed no statistical differences (Figure S4B). Then, we used the mafCompare function to identify the DMGs. Interestingly, we found overall higher mutational rates in the low-risk group (Figure 7A), indicating that the built model did not affect the frequently mutated genes but exerted a cumulative effect of low-frequency mutations. We also found that the low-risk group was accompanied by more neoantigens. However, TMB only exhibited an elevated tendency (Figure 7B). Moreover, we combined the m5C-based model with neoantigens and TMB and found that neoantigens and TMB cannot effectively distinguish the survival status in patients with rectal cancer (riskscore-L + NEO-L vs. riskscore-L + NEO-H, P = 0.655; riskscore-L + TMB-L vs. riskscore-L + TMB-H, P = 0.748), although possessing high neoantigen levels showed a tendency of better overall survival compared with possessing low neoantigen levels (riskscore-H + NEO-L vs. riskscore-H + NEO-H, P = 0.083). The constructed risk score showed significant efficacy in stratifying patients with a same status of neoantigens and TMB (riskscore-L + NEO-L vs. riskscore-H + NEO-L, P = 0.012; riskscore-L + NEO-H vs. riskscore-H + NEO-H, P = 0.050; riskscore-L + TMB-L vs. riskscore-H + TMB-L, p = 0.005), confirming the superiority of this model over current biomarkers. In addition, riskscore-L + TMB-H vs. riskscore-H + TMB-H (P = 0.064) showed a strong tendency without significant difference. We also found that combining risk score with neoantigens (riskscore-L + NEO-H vs. riskscore-H + NEO-L, P = 0.002) could achieve a higher efficiency for predicting the prognosis of patients with rectal cancer (Figure 7C).




Figure 7 | The mutational landscape for the m5C regulator–based signature in READ. (A) The waterfall plot of differentiated somatic mutation features between the high- and low-risk groups using the TCGA-READ data set. (B) The neoantigens and mutation loads between the two subgroups are displayed. (C) Survival analyses for READ patients stratified by both the risk score and neoantigen burden or mutation loads using Kaplan–Meier curves. NEO, neoantigen burden; H, high; L, low. **P < 0.01; *P < 0.05.





Prediction of immunotherapeutic response for distinct subgroups in READ

The obtained findings promoted us to further examine the relationship between the m5C-based signature and immunotherapy. First, we compared the expression of the immune checkpoints in the two subgroups. No significant differences were found, as shown in Figure S5. Next, we investigated the relationship between model factors and immune infiltration cells. Interestingly, we found that DNMT1 and NSUN4 were moderately positively correlated with CD4+ T cells, natural killer cells, dendritic cells, and T helper cells; meanwhile, NSUN7 was weakly negatively correlated with MDSC and Tregs (Figure 8A), substantiating the close connection between the risk model based on the above three m5C regulatory genes and the tumor immune microenvironment. Next, we investigated the relationship between model factors and immune checkpoints. Higher expression of NSUN4 was accompanied by a higher expression of immune checkpoints, and patients with high DNMT1 expression showed a trend of elevated expression of immune checkpoints. However, low expression of NSUN7 was associated with only weakly elevated immune checkpoint expression (Figure 8B). A mature predicted method called TIDE was applied to anticipate the immunotherapeutic effect of PD1 administration. We found a higher proportion of responders in the low-risk group (Figure 8D), and the lower TIDE score, indicating a higher response rate, verified the obtained finding. Moreover, the T-cell dysfunction score and cancer-associated fibroblasts were elevated in the high-risk group. According to previous reports, tumors with MSI tend to more easily respond to immunotherapy. The finding of a higher MSI score in the low-risk group supports the expectation (Figure 8C). We further compared the low-risk patients with rectal patients with MSI-H phenotype to investigate which group would achieve a better objective response from ICI treatment. Due to a small proportion of MSI-H patients in the TCGA dataset (4/157), we evaluated the MSI score for each patient with READ by the TIDE algorithm. The patients with MSI score higher than the median value were characterized as the MSI-H group, the others were classified as the MSI-L group. The result showed that there was no significant difference between the low-risk group and MSI-H group (P = 0.354, Supplementary Figure S6), indicating that the m5C regulator–based signature could be utilized as an addition to the current MSI classification, the combining of two methods to evaluate the responsiveness of ICI treatment will provide a novel perspective for precision medicine. We then performed a direct investigation by adopting an additional data set with the therapeutic information. We compared the survival rates of two subgroups by conducting Kaplan-Meier analysis, and found that the low-risk group had prolonged survival compared with the high-risk group despite an insignificant P value (P = 0.121, Supplementary Figure S7). The expression of immune checkpoints was higher in the low-risk group, which represents higher sensitivity toward ICI treatment (Figure 8E). Accordingly, the proportion of complete response/partial response (CR/PR) was remarkably higher in the low-risk group (Figure 8F), and the risk score was lower in the CR/PR subgroup (Figure 8G). Interestingly, compared with the immune-excluded high-risk group, the low-risk group revealed an immune inflammation phenotype (Figure 8H). These results solidly certified that the established signature had the ability to efficiently predict the immunotherapeutic efficacy for READ patients.




Figure 8 | Prediction of immunotherapeutic response for distinct subgroups in READ. (A) Pearson correlation between three signature factors and 28 types of immune cells is illustrated by a correlation heat map. Correlations with P value > 0.05 are marked by a cross. (B) The differences in the three signature factors between distinct subgroups classified by the expression level of three immune checkpoints, including CTLA4, PD1, and PDL1. (C) The distribution of TIDE score, MSI score, T-cell dysfunction score, and abundance of CAF between the low- and high-risk categories. (D) The proportion of READ patients with response to ICI therapy in the high- and low-risk groups based on TIDE prediction. (E) The differential analysis for immune checkpoints between the two categories in IMvigor210 cohort. (F) The proportion of patients with response to PD-L1 treatment in the high- and low-risk groups based on IMvigor210 cohort. (G) Distribution of the risk score between CR/PR and SD/PD groups. (H) The proportion of immune phenotype in the high- and low-risk groups. CR, complete response; PD, progressive disease; PR, partial response; SD, stable disease.





The transcriptomic characteristics of the m5C methylation–based gene clusters

To further investigate the heterogeneity of different m5C RNA methylation regulator patterns, we identified 950 DEGs between the high-risk and low-risk groups. Subsequently, univariate Cox regression analysis was conducted to certify the genes with prognostic value, and finally, a total of 173 m5C RNA methylation regulator risk model–related genes were identified (Figure 9A). Unsupervised clustering analysis based on the expression of these 173 genes separated READ patients into two clusters, which we referred to as m5C RNA methylation gene clusters (Figure 9B). Survival analysis indicated that cluster 2 had a better prognosis (Figure 9C). Moreover, we found that cluster 1 had a higher risk score than that in cluster 2 (Figure 9D), and chi-squared tests also revealed a significant difference between the two clusters (Figure 9E). CMS stratification is considered a robust classification system and is currently used for CRC with distinguished features; among the four CMS subtypes, CMS4 mesenchymal tumors display worse overall survival and relapse-free survival (24). To evaluate the CMS status in different m5C regulator–based subgroups, we further compared the proportion of the CMS phenotypes by chi-squared tests. The high-risk group and cluster 1 category displayed a higher proportion of CMS4 compared with other categories (Figures 9F, G).




Figure 9 | The transcriptomic characteristics of the m5C methylation–based gene clusters. (A) The intersection of DEGs and prognostic genes. (B) The unsupervised consensus cluster of the identified 173 genes. (C) The Kaplan–Meier survival curve for two clusters in the TCGA cohort. (D) The m5C signature–based risk score distribution between two clusters. (E) The proportion of READ patients with different risk status in cluster 1 and cluster 2 from the TCGA cohort. The CMS distribution among the risk groups (F) and clusters (G) separately. (H) Sankey diagram depicting the relationship of survival status, risk groups, clusters, and CMS classification. (I) The functional enrichment analysis on GO terms of the two clusters. (J) The immune cells infiltration between different clusters. (K) The proportion of responsive patients in the two clusters based on TIDE prediction. The distribution of TIDE score (L), MSI score (M), T-cell dysfunction score (N), T-cell exclusion score (O), and abundance of CAF (P) in cluster 1 and cluster 2. (Q) Sankey diagram connecting the two classification systems with the immune response. ****P < 0.0001; ***P < 0.001; **P < 0.01; *P < 0.05.



In line with the previous findings, cluster 1 was enriched mainly in cancer and immune system–related pathways, while process related to the functions of RNA methylation played an important role in cluster 2 (Figure 9I). Patients of cluster 2 had higher abundance of CD4+ T cells and helper T cells, while cluster 1 exhibited higher amount of immune-inhibiting cells, such as Tregs and macrophages (Figure 9J). The relationship of the survival status, m5C regulator–based risk model, m5C regulator gene clusters, and CMS phenotypes is summarized in a Sankey diagram (Figure 9H). The TIDE algorithm was carried out to predict the immunotherapeutic response relating with the clustering system. Accordingly, there were more responders in cluster 2 (Figure 9K), and the index integrating the lower TIDE score, higher MSI score, lower extent of T-cell dysfunction and exclusion, and lower abundance of cancer-associated fibroblast (CAF) consistently indicated a better responsive rate for patients of cluster 2 (Figures 9L–P). To make the outline clear, a Sankey diagram connecting with both the risk classification and clustering system was depicted (Figure 9Q). Above all, these results reinforced the notion that there were indeed two different m5C regulator–based groups in READ, which represented different clinical and immune features.



Validation of the m5C methylation–based signature by TMA in patients with rectal cancer

To demonstrate the robustness and repeatability of the prognostic value of the established model, different laboratory assays were adopted. RT-qPCR was conducted to detect the mRNA expression of the signature’s factors in 26 pairs of rectal cancer tissues and corresponding normal tissues. The results showed that NSUN4 was highly expressed in normal tissue (Figure S8A). Examination of the correlation between the risk score and clinical parameters revealed a higher proportion of patients with no lymph node metastasis in the low-risk group compared with the high-risk group (Figure S8B).

Next, we detected the protein expression levels of NSUN4, NSUN7, and DNMT1 via IHC staining in a tissue microarray containing 80 paired normal and tumor tissues. The clinical features of tissue microarray as the validation cohort are displayed in Table S2. The protein expression levels of the three m5C regulatory genes were analyzed using IHC staining, substantiating the findings obtained using the TCGA-READ dataset. The following analyses were based on the protein expression levels detected via IHC. The results revealed significant elevation of NSUN7 and DNMT1 in normal tissues compared with tumor tissues, while NSUN4 showed no obvious difference between the two groups (Figure 10A). Next, we investigated the relationship between the three genes using the Pearson correlation analysis. High correlation coefficients (> 0.7) shown in the correlation plot indicate that the protein expression levels of the three genes were closely associated (Figure 10B).




Figure 10 | Validation of the m5C methylation– based signature by rectal cancer tissue microarray (TMA). (A) The differential expression of NSUN4, NSUN7, and DNMT1 between normal and tumor tissue; the representative micrographs show NSUN4, NSUN7, and DNMT1 IHC staining of 80 pairs of rectal cancer and corresponding normal rectal tissue samples in the rectal cancer TMA. (B) The correlation among the expression levels of NSUN4, NSUN7, and DNMT1. (C) The heat map depicting the association of the risk score, gene expression, and clinicopathological parameters. (D) Kaplan–Meier curves of differential NSUN4, NSUN7, and DNMT1 expression in the TMA cohort of rectal cancer. ****P < 0.0001; **P < 0.01; *P < 0.05; ns, not significant.



Importantly, the KM survival curves demonstrated that the survival probability was significantly increased in the high expression group compared to the low expression group, according to the protein expression of an individual gene in the risk model (Figure 10D). We constructed a signature based on the protein expression of the three genes, in which the low-risk group showed prolonged survival compared with the high-risk group (Figure 11A). Remarkably, based on the IHC protein expression data, the risk score was correlated with clinical characteristics including pathologic TNM, gender, grade, and clinical stage (Figure 10C); this was further confirmed by a Wilcoxon test between the two subgroups (Figure 11D). To examine the significance of the established risk score, univariate and multivariate Cox regression analyses were conducted. Risk score, grade, and pathologic M remained independent factors after the above tests (Figure 11C). ROC analysis was exploited to inspect the superiority of the built risk score over other indexes (AUC of risk score = 0.954; AUC of grade = 0.744; AUC of pathologic N = 0.764; AUC of pathologic M = 0.639; AUC of pathologic T = 0.749; Figure 11B). To validate the efficiency of the nomogram generated based on the TCGA-READ dataset, we integrated the model factors, including risk score, age, and pathological N, to construct a nomogram based on the IHC independent cohort (Figure 11E). The C-index of the nomogram was 0.840, indicating a stable and robust predictive power. The subsequent calibration plots also revealed high concordance between the predicted probability of three-, five-, and seven-year OS and actual OS (Figure 11F). These results reinforced that our classification based on the m5C methylation regulators was potent and reliable in terms of prognostic significance for patients with rectal cancer.




Figure 11 | Validation of the m5C methylation–based signature by tissue microarray (TMA). (A) Kaplan–Meier survival curves show overall survival for low- and high-risk patients based on the rectal cancer TMA cohort. (B) The ROC curves depicted for the risk score and common clinical diagnostic indexes. (C) The univariate and multivariate Cox analysis of the risk score and clinicopathological indexes in the rectal cancer TMA patients. (D) The distribution of the risk score among various parameters including pathological TNM, stage, grade, and gender. (E) A nomogram integrated age, pathological N, and risk score was constructed for 3, 5, and 7 years based on the rectal cancer TMA cohort. (F) The calibration curves show the discrepancy between actual and nomogram-predicted survival probability in 3-, 5-, and 7-year nomograms. ****P < 0.0001; **P < 0.01; *P < 0.05.



In addition, the regulated genes associated with NSUN4, NSUN7 and DNMT1 using the STRING database were analyzed. Mitochondrial transcription termination factor 4 [MTERFD2], NOP14 nucleolar protein [NOP14] and RB transcriptional corepressor 1 [RB1] were identified to be closely related to NSUN4, NSUN7 and DNMT1 respectively with the highest predicted scores. As shown in Supplementary Figure S9A, NOP14 was significantly upregulated in rectal cancer tissues compared with normal tissues, while both MTERFD2 and RB1 showed no differences. Consistent with our results in TCGA, the immunohistochemistry results of the HPA database presented that the protein expression level of NOP14 was elevated in the tumor cells compared with the corresponding glandular cells, and mainly localized to the cytoplasmic and membranous nuclear (Supplementary Figure S9B). However, the protein expression of MTERFD2 or RB1 exhibited no difference between cancer tissues and normal tissues (Supplementary Figure S9B).



Estimation of drug sensitivity for the m5C methylation–based signature

Based on the potential role played by the established m5C regulator signature in modulating the immunotherapies, we further investigated its clinical usefulness by measuring the IC50 value of different oncology drugs. According to the predictive model, we found that the effects of 10 commonly used drugs for READ were different between the two subgroups. Chemotherapeutic drugs, including camptothecin, 5-fluorouracil, cisplatin, oxaliplatin, and irinotecan, had a lower IC50 in the low-risk group.

Similarly, cediranib, sorafenib, and axitinib, which belong to VEGFR-targeted angiogenesis drugs, exhibited a lower IC50 in the low-risk group. EGFR/HER2 inhibitor lapatinib and BRAF inhibitor dabrafenib also followed that pattern (Figure 12A). To benefit high-risk patients, we further excavated both the CTRP and PRISM databases; two drugs specific to high-risk patients were found effective by intersecting the two sources (Figures 12B–D) and include chlorambucil and SKI.II. These results implied that our model could predict certain drug sensitivity that would be beneficial to different groups of READ patients.




Figure 12 | Estimation of drug sensitivity for the m5C methylation-based signature. (A) The evaluation of drug sensitivity including chemotherapeutics and small molecular drugs targeting VEGFR, EGFR/HER2, and BRAF. (B) Intersection of the identified drugs targeting high-risk patients between CTRP and PRISM databases. (C, D) The differential drug response analysis of CTRP- and PRISM-derived compounds targeting the high-risk group. IC50: half-maximal inhibitory concentration. ****P < 0.0001; ***P < 0.001; **P < 0.01; *P < 0.05.






Discussion

Accumulating studies have revealed that colon and rectal cancer have distinct metastatic patterns, spread ratio, and drug response in patients (46). In multiple trials, individuals with rectal or colon cancer who received bevacizumab-containing regimens have shown different survival rates (47–49). In order to systematically distinguish colon and rectal cancer, Liang et al. even profiled specific biomarker and identified a key factor to tailor the medical treatment of patients with colon and rectal cancer (50). Available evidence indicates that colon and rectal cancer should be regarded as two specific cancers when considering clinical treatment. Therefore, we evaluated the prognostic significance of m5C regulators in COAD and READ separately. The results indicate that m5C might exert more impact on the prognosis of READ patients than COAD patients, which could be explained by the fact that colon and rectal cancer exhibit remarkably different genetic and epigenetic characteristics. A study enrolling 1,443 stage I–IV CRC patients revealed that the prevalence of MSI-high, BRAF mutations, and CIMP-high tumors rapidly decreased from the proximal colon to the rectum (51). Moreover, proximal tumors were more frequently MSI, hypermutated, BRAF mutant, and densely infiltrated by TIL, whereas distal tumors were CIN, HER1, and HER2 amplified, with active EGFR signaling and mostly non-BRAF-like characteristics according to an analysis of molecular features along anatomical sites in colon carcinomas of patients enrolled in the Pan European Trial Adjuvant Colon Cancer-3 (PETACC3) chemotherapy trial (52), indicating a great heterogeneity within CRC. Overall, the observation of significant difference between two types of cancer led us to focus our research on patients with rectal cancer.

RNA epigenetic modification is a crucial biological process. There is increasing evidence that the malfunction of RNA epigenetic modification leads to the deterioration of cancers. For example, NUSN4 has been found to affect the expression of mitochondrial DNA, which leads to a cascade of changes relating with the regulation of mammalian oxidative phosphorylation, finally resulting in the progression of cancers (53–55). The dysfunction of NSUN7 has been reported to result in male infertility (56), and NSUN7 is downregulated in prostate cancer compared with normal prostate tissue, acting as a protective factor in patients with prostate cancer (57). Additionally, DNMT1 is an important methyltransferase for the stable process of RNA methylation. It is associated with a series of cancers, including breast cancer, thyroid cancer, pancreatic cancer, and hepatocellular carcinoma (58–61). Here, based on the gene expression of m5C regulators (NSUN4, NSUN7, DNMT1), we established a signature that could effectively distinguish the prognosis of READ patients. A weak positive correlation was found between the three genes based on the TCGA-READ, indicating the independence of the three genes in the current model, and their cumulative effect can endow the model biological significance at the mRNA expression level. The constructed signature, age, and pathologic N act as independent prognostic factors in rectal cancer. Moreover, the signature could predict risk for patients of different age groups and N stages. Notably, the signature failed to distinguish the survival status of patients in the N1/N2 stage. At the advanced stage of the disease, colorectal cancer–associated immune infiltrates can be highly heterogeneous and can vary their phenotypes in a spatiotemporal manner (62, 63). Moreover, various factors such as intestinal obstruction, gastro-intestinal bleeding, malnutrition, liver metastasis, and other maladies can cause death in advanced colorectal cancer. All the above uncertainties could account for the reason that risk score only exhibited a trend (P = 0.089) when stratifying the overall survival of patients in the pathological N1/N2 stage due to small sample size. Differentiating the survival status of N0 patients is significant for early intervention. Colorectal cancer develops asymptomatically, leading to the difficulty in diagnosis and thus progressing into the advanced stage, which requires considerable efforts to treat (64). The established risk score could efficiently evaluate the hazards of patients in the pathological N0 stage and predict patients who are at high risk of developing advanced stage cancer, and the emphasis placed on these patients will benefit them clinically. Since IHC enables a pathologist to examine gene expression at the protein level within the context of histologically interpretable tissue sections, it is a reliable method for confirming expression signatures discovered by RNA sequencing. Therefore, to further substantiate the results of the bioinformatics analysis, TMAs from patients with rectal cancer were immunohistochemically stained for NSUN4, NSUN7, and DNMT1. The stained slides were evaluated for calculating risk score. In concordance with the TCGA data mining, the risk score was able to differentiate the prognosis of patients with rectal cancer well and determine their survival as an independent prognostic factor, and the nomogram integrating risk score, age, and pathological N could serve as a reliable indicator in predicting the survival probability of patients with rectal cancer. Since IHC is carried out on commonly processed clinical tissue samples, validated IHC assays could be easily applied in clinical diagnostics. To facilitate the clinical use, we developed a nomogram with high accuracy and robustness. Our findings together suggest that the built signature based on m5C RNA regulators is highly involved in the progression of rectal cancer and could serve for effective risk stratification in patients with rectal cancer.

There is increasing evidence relating the m5C modification with innate immunity as well as antitumor effect through a complex crosstalk among various m5C regulators. We found that the established signature could effectively determine the TIME infiltration patterns. The interplay between tumor and immunity begins when tumor antigens are presented by dendritic cells and activate CD8+ T cells and CD4+ T cells to exert cytotoxic effects (65). Moreover, cancer cells can suppress immune system, leading to an inhibitory TIME to escape immune surveillance with the increase of Tregs and MDSC. As revealed in our analysis integrating CYBERSORT, TIMER, EPIC, and ssGSEA algorithms, the low-risk group was characterized by the activation of adaptive immunity, with the increasing abundance of CD4+ T cells, CD8+ T cells, B cells, and myeloid dendritic cells. The high-risk group was characterized by the suppression of immunity, accompanied by upregulation of Tregs and MDSC. The ratio analysis further explained that compared with the high-risk group, the scales of CD8+/CD4+ regulatory T cells and pro-/anti-inflammatory cytokines were higher in the low-risk group. According to different functions, macrophages could be classified into two categories: classically activated macrophages (M1), mainly acting as a tumor-killer role, and alternatively activated macrophages (M2), which function to promote tumor cells (66). As indicated in our results, the ratio of M1 to M2 macrophages was elevated in the low-risk group. m5C RNA methylation regulators have already demonstrated the efficacy for predicting prognosis and regulating TIME in various cancers (18, 67, 68), suggesting the potential value in pan-cancer analysis. Consistent with the current knowledge, our model showed a predictive accuracy in prognosis and in TIME cell infiltration characterization among READ patients.

The signatures derived from m6A/m5C/m1A RNA methylation regulators were widely explored in recent studies. Commonly, the signatures could characterize the immune landscape of cancer patients and further predict the efficacy of immunotherapy (69, 70). m6A modification is one of the most researched RNA methylation patterns. The “writer”, “reader”, and “eraser” of m6A modification correlated closely with immune infiltrating cells (71), giving rise to the application of m6A RNA methylation regulators in predicting immune efficacy. Two m6A RNA demethylases, FTO and ALKBH5 were targeted to develop inhibitors (72–74), providing insights into understanding the roles of m6A RNA methylation involved in multiple diseases. m5C RNA modification is regarded as a novel methylated process in eukaryotes. Small-molecular inhibitors targeting m5C RNA methylation regulators were conceived by proof-of-concept studies, while, specific m5C inhibitors have yet to be developed (75). m5C RNA methylation regulators can impact the process of tumorigenesis by regulating TIME in cancers, so that inspecting the roles involved in the immune system will give hints to personalized immunotherapy strategies making. m1A methylation modification is a new form of modification of RNA, thus, studies on m1A modification in tumorigenesis are rarely reported. Although several signatures based on m1A modification were built to guild effective immunotherapy strategies (70, 76), controversies remained when detecting the m1A methylation sites (77, 78). More efficient and accurate technologies need to be developed to uncover the m1A modification sites to fully exploit the value of m1A modification in anti-tumor immunotherapies. More effort is deserved to understand the complex network regulated by different kinds of RNA methylations in modulating tumor-immune interactions. However, in the current study, we focused on the prospects of m5C methylation regulator as the predictive biomarker for ICIs treatment.

The quantity of cancer mutations is reflected by TMB. Major histocompatibility complex proteins turn mutations into neoantigens and further present them to T cells. More neoantigens are produced by higher TMB, which in turn boosts the likelihood that T cells recognition will happen, clinically corresponding with improved ICI outcomes (79). Several studies have shown that high TMB and neoantigens correlated with better prognosis in non-small-cell lung cancer (NSCLC) and melanoma (80–82). In this study, the low-risk group possessed more mutations and higher level of neoantigens than the high-risk group, suggesting a better response to immunotherapy within the low-risk group. We also identified the stratifying efficiency of the model in patients with same status of neoantigens and TMB. The prognostic power of the established model was superior to neoantigens or TMB. These results indicated that our model had the potential to combine with or modify existing biomarkers, achieving improved accuracy in prognostic prediction. In addition to using neoantigens and TMB, immune checkpoints can be inhibited to enable T cell functions. By allowing T-cell reactivation, ICIs have revolutionized cancer treatment (83). The Food and Drug Administration (FDA) has approved six inhibitors of the programmed cell death protein pathway (PD1/PD-L1) and an inhibitor of the CTLA-4 for use in treating various cancers (84–86). In our study, we observed a weak correlation between model factors and immune checkpoints except for NSUN4. In fact, immune checkpoints alone are not sufficient to predict the efficiency of the immunotherapy due to a highly complex immune tumor microenvironment, which could be generalized by a cancer immunity cycle (87). Several studies have suggested integrating multiple biomarkers to predict the immune response, including tumor-infiltrating lymphocytes, mutational burden, immune gene signatures, and multiplex immunohistochemistry (88, 89). TIDE is a reliable surrogate biomarker that could accurately predict immune checkpoint blockade (ICB) response by measuring the tumor immune escape, and it even performed better than PD-L1 expression in melanoma; that is, a higher TIDE score is associated with worse ICB response and worse patient survival under anti-PD1 and anti-CTLA4 therapies (90). According to our previous studies and others, the immune landscape is crucial in assessing the efficacy of immunotherapy and chemotherapy targeting CRC patients (91–94). However, the role of m5C RNA methylation regulators in patients with rectal cancer is still unclear. In the current research, we found that responders were proportionally more frequent in the low-risk group compared with the high-risk group. The lower TIDE prediction score, T-cell dysfunction score, CAF, and higher MSI score in the low-risk group indicate a good function of T cells with high infiltration by cytotoxic T lymphocyte (CTL), further explaining why the low-risk group was more sensitive to immunotherapy. In addition, in IMvigor210 cohort with the determined immune response, these results were well confirmed. Besides, drug sensitivity was examined between the low- and high-risk groups by performing the R package “oncoPredict”. Apparently, the majority of the chemotherapeutic agents achieved their efficacy among the low-risk group; nonetheless, drugs targeting specifically the high-risk group were also investigated by screening drugs of CTRP and PRISM databases. The AUC values between two risk groups were compared and drugs intended to the high-risk group were selected. Finally, chlorambucil and SKI.II were found in both the CTRP and PRISM databases. These results indicated the built risk model was a trustworthy and robust approach for a thorough evaluation of each patient’s therapeutic response, which could benefit the precision treatment combining immunotherapy and chemotherapy for patients with rectal cancer.

Furthermore, the mRNA transcriptome differences between the high- and low-risk groups have been investigated. They were highly involved in the cancer and immune system–related biological pathways. The DEGs with prognostic efficacy were considered m5C-related signature genes. Two genomic subgroups were discovered based on the m5C signature genes, which could significantly predict the survival and immune response of READ patients, and were substantially connected with immunological activity. These results were similar to the stratification of the risk model. This once again showed the power of the m5C regulator–based signature in shaping the landscapes of the READ patients. Thus, a thorough analysis of m5C alteration patterns will definitely improve the precision classification and therapeutic strategy for patients with READ.

Despite the encouraging findings, the current study included several limitations. First, the gathered data were analyzed retrospectively, and multicenter research and large-scale prospective investigation are required to confirm and rectify our model. Second, the specific crosstalk between these m5C methylation regulators and corresponding immune characteristics remains unrevealed. The regulatory network of the three genes in rectal cancer needs to be further investigated. As for now, the genes regulated by NSUN4 and NSUN7 still need to be identified. Research related to the regulatory role of the three genes could provide novel insights into the mechanisms of the built signature. Third, the ability of this signature to predict immunotherapeutic or chemotherapeutic response was assessed indirectly due to the lack of data from patients with rectal cancer receiving related treatments. Research focusing on the therapeutic effect of the current signatures should be done in vitro and in vivo in the future. Fourth, the sizes of clinical tissue specimens for TMA and RT-qPCR assay used in our independent validation cohorts were limited, and more samples are expected to verify the m5C methylation regulator –based signature in the future.

In conclusion, the established risk model could be used to comprehensively evaluate the prognosis and the clinical response to adjuvant chemotherapy and immunotherapy among patients with rectal cancer. Moreover, the complex characteristic of the TIME cell infiltration could be effectively illustrated by the built signatures based on m5C regulators, producing a number of novel insights for cancer immunotherapy. Our research offers fresh approaches for predicting survival status, enhancing immunotherapy outcomes, disclosing various tumor immune phenotypes, and conclusively, advancing tailored cancer treatment in the future.
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Background

The peroxiredoxin family, a crucial regulator of redox reactions, is strongly associated with various tumorigenesis. However, the role of peroxiredoxin4 (PRDX4) in colon adenocarcinoma (COAD) remains poorly understood.





Methods

Multicenter databases, including GEPIA, HPA, UALCAN, cBioPortal, cancerSEA, STRING, CCLE, and LinkedOmics, comprehensively analyzed transcriptional expression, prognostic value, genetic alterations, signaling pathways, and associated genes of the PRDXs in COAD patients. Colony formation, transwell, flow cytometry, sphere formation, and xenograft assays were performed to validate further in vitro and in vivo.





Results

Members of the PRDX family were differentially expressed in COAD, with each member showing varying degrees of genetic alterations. Intriguingly, only PRDX4 significantly correlated with COAD prognosis and stage. The single-cell sequencing suggested that PRDX4 is positively correlated with proliferation, apoptosis, and invasion, whereas negatively correlated with stemness. Moreover, PRDX4 involved in a series of critical biological processes, such as cell growth. Furthermore, in vivo and in vitro analyses indicated that knocking down PRDX4 inhibits the proliferation and invasion of HCT116 cells while promoting apoptosis and stemness.





Conclusions

We identified PRDX4 expression as a novel potential prognostic marker in COAD.





Keywords: peroxiredoxin family, bioinformatics analysis, biomarker, prognosis, colorectal cancer





Introduction

Colorectal cancer (CRC) remains the third most common cancer and the second leading cause of cancer-related death worldwide, with approximately 1.9 million new cases and 900,000 deaths reported in 2020 (1). The incidence of CRC decreased in developed countries as early diagnosis, radiotherapy, and chemotherapy became more prevalent (2). In contrast, CRC incidence and mortality have rapidly increased in many low- and middle-income countries, such as Asia and South America (3). CRC still ranks among the top five tumor-related causes of death, and the incidence and mortality of CRC continue to increase annually in China, making it a significant public health concern (4, 5). Despite the various surgical-based treatments being applied to CRC, the 5-year survival rate of CRC patients in China is still not ideal (6). More than half of the patients were diagnosed in the middle and advanced stages and lost the chance of surgery.

Evidence suggests that CRC develops through a multi-step process, where abnormal cell proliferation is the initiator, and the invasion of advanced cancer cells is a leading cause of poor prognosis (7, 8). Currently, the diagnosis of CRC is mainly based on microscopic examination of tumor specimens, tumor node metastasis (TNM) staging is a crucial criterion for predicting the prognosis of CRC patients, and immunohistochemistry can be used to determine the colorectal origin of metastasis or visualize the spread of tumor cells in surrounding tissues. However, none of these means can diagnose CRC at an early stage. There is an urgent need to identify several highly sensitive and specific tumor markers and to intervene in the intracellular stage of tumorigenesis, which is critical for early prevention and improvement of the prognosis of CRC.

The reactive oxygen species (ROS) level in biological systems is critical for maintaining intracellular homeostasis (9). Emerging evidence has shown that excessive ROS can cause additional accumulation of DNA mutations leading to the initiation and progression of cancer (10). Several studies have demonstrated that antioxidants can maintain the balance between cell proliferation and apoptosis by reducing intracellular ROS levels to prevent tumorigenesis (11). Peroxiredoxins (PRDXs), a family of such antioxidants, catalyze the reduction of peroxides to maintain the balance of intracellular ROS levels (12). Currently, six PRDX isoforms have been identified in mammalian cells, namely PRDX1-PRDX6. They can be further divided into three subgroups: 2-cysteine (PRDX1-4), atypical 2-cysteine (PRDX5), and 1-cysteine (PRDX6), according to the mechanism of response to cysteine dependence.

There are few studies on the expression and prognostic value of the PRDX family in CRC. Thus, we performed a comprehensive bioinformatics analysis integrating multiple databases to systematically investigate the transcriptional expression profile, gene co-expression, cell line expression, survival prognosis, gene mutation analysis, and protein interaction network of the PRDX family in CRC. Intriguingly, the combined analysis revealed that only PRDX4 was significantly associated with the prognosis and various clinical characteristics of CRC patients. Consequently, we further validated the tumor-promoting properties of PRDX4 in CRC by in vitro and in vivo assays.





Materials and methods




Gene expression profiling interactive analysis

GEPIA (http://gepia.cancer-pku.cn/) is a newly developed interactive website that integrates TCGA and GTEX gene expression information, including extensive RNA raw sequencing expression data (13). Users can quickly find the expression of the target gene in the corresponding tumor by entering the gene symbol or Ensembl ID. In addition, GEPIA can also perform prognostic survival analysis, including two types of overall survival (OS) and disease-free survival (DFS). GEPIA can also analyze target genes and potential transcription factors by analyzing the correlation between two associated genes.





The human protein atlas

The HPA database (https://www.proteinatlas.org/), dedicated to providing tissue and cellular distribution information for all 24,000 human proteins, is freely available for public inquiry (14). Users can query gene expression (RNA and protein expression) in various tissues by entering the target gene. According to the HPA database, we determined the expression of PRDXs in various solid tumors, immunohistochemical images of normal and cancer tissues from CRC patients, and the localization images of PRDXs in cells.





The University of Alabama at Birmingham cancer data analysis portal

UALCAN (http://ualcan.path.uab.edu/) is a comprehensive and easily accessible web-based database built on TCGA (15). The database provides gene expression in different cancer tissues and corresponding normal tissues and allows comprehensive analysis of the association between target genes and multiple clinical characteristics. Our study utilized UALCAN to analyze the association between specific PRDXs and CRC clinic characteristics.





Cancer single-cell state atlas

The CancerSEA database covers 41,900 single-cell functional annotation information of 25 types of tumors involving 14 cell functional states such as proliferation, invasion, and apoptosis (16). It enables users to investigate the relationship between the functional phenotypes of genes of interest and various tumors. For example, the CancerSEA was utilized to analyze the association between the PRDX family and CRC cell function.





cBio cancer genomics portal

The cBioPortal database (https://www.cbioportal.org) combines 126 tumor genome studies, including the cancer cell line encyclopedia and TCGA (17). cBioPortal integrates genomic data such as somatic mutations, DNA copy-number alterations (CNAs), gene expression (mRNA, microRNA, protein), DNA methylation, and phosphorylated protein enrichment.





Search tool for the retrieval of interaction gene

The String (https://www.string-db.org) is a database for searching the interactions between known proteins and predicted proteins. The database includes over 5,000 species, 24 million protein species, and over 20 million protein interaction links (18). In addition, we collected and integrated proteins and potential interactions related to PRDX family members by constructing a protein-protein interaction (PPI) network.





LinkedOmics

The LinkedOmics database (http://www.linkedomics.org) includes multi-omics data and clinical data for 32 cancer types and data from 11,158 patients in the TCGA project (19). We can perform correlation analysis between target genes and other genes by inputting PRDX family genes, selecting cancer types and data sets, GO, KEGG, GSEA, and other analyses. Through this database, we can also obtain a series of visualization results, such as volcano plots of related genes and heat maps of positive and negative related genes.





Cancer cell line encyclopedia

The CCLE is a database of cancer cell lines maintained by the Broad Institute of MIT, which currently has more than 1,000 cell lines (20). The PRDX4 expression data in CRC cells were obtained directly from the CCLE website (https://www.betastasis.com/). We evaluated the expression of PRDX4 in 57 CRC cell lines by CCLE.





Cell culture and lentivirus transfection

HCT116 cells were purchased from the American type culture collection (ATCC) and cultured in RPMI-1640 medium (Hyclone, UT, USA) containing 10% fetal bovine serum (PAN-Biotech, Adenbach, Bavaria). The short hairpin RNA (shRNA) was synthesized by Sigma-Aldrich (NM_006406). The target sequence was as follows: PRDX4 5′-CCACACTCTTAGAGGTCTCTT-3′ (TRCN000064818, Sigma). In addition, the shRNA vector targeting GFP (SHC005, Sigma) was used as a knockdown control. We observed and photographed the cells using immunofluorescence microscopy, and the number of transfected cells more significant than 95% was considered successful. Moreover, RT-qPCR was applied to detect knockdown efficiency.





RT-qPCR

We used RNA (Promega, Madison, USA) kit to extract the total RNA. The extracted RNA was then reverse-transcribed into cDNA using the PrimeScript™ cDNA synthesis kit (Takara, Japan). Finally, the results were calculated using the 2-ΔΔCt method.





Western blot

An extraction buffer containing protein lysis (Solarbio, Beijing, China) was used to obtain the total protein. Then the extracted protein was quantitatively analyzed using a BCA kit (Solarbio, Beijing, China). First, an equal amount of 30 μg proteins was added to each lane for electrophoresis and membrane transfer. Next, the protein bands were incubated with the primary antibody overnight at 4°C and the secondary antibody for one hour at room temperature. Finally, the western blot results were detected using the ECL chemical reagent method.





Sphere formation assay

A key method for identifying cancer stem cells (CSCs) in vitro is their capacity to form spheres. Therefore, we used the sphere formation assay to assess the stemness of HCT116 cells in this work. First, cells were trypsinized to make a single-cell suspension, then seeded into six-well ultra-low cluster plates (4×103 cells/well) and cultured in a serum-free medium (DMEM/F-12, Sigma, USA) containing 1% B27 (Gibco, USA), 0.02 μg/ml EGF (Peprotech, USA) and 0.02 μg/ml bFGF (Peprotech, USA) for 15 days. The sphere volume and number were observed under a microscope (Olympus, Japan) every four days, and a new medium was added.





Colony formation, apoptosis, and transwell assay

The specific methods are consistent with our previous work (21). Briefly, for colony formation, PRDX4 knockdown and control cells were seeded into 6-well plates at a density of 300 cells/well and incubated in a cell incubator for two weeks. Then, the cells were fixed with 4% formaldehyde for 30 min and stained with crystal violet for 20 min. Colonies were counted under a microscope and images were collected. For apoptosis assay, the PRDX4 knockdown and control cells were disaggregated with trypsin and washed once with PBS. Then, 1 × 106 cells were resuspended in PBS and stained using allophycocyanin and propidium iodide according to the manufacturer’s instructions. For transwell assay, the upper chamber of the 24-well plate was coated with diluted Matrigel and serum-free medium was added, and the lower chamber was filled with medium containing 20% FBS. The transfected cells (5 × 105 cells/well) were seeded into the serum-free medium and incubated in a cell incubator for 48 h. Then, the cells were fixed and stained with 4% formaldehyde and 0.2% crystal violet, respectively. The invaded cells were photographed and counted under an inverted microscope.





Xenograft assay and immunohistochemistry

The nude mice (BALB/c, four-week-old) were acquired from the Animal Center of North Sichuan Medical College. All experimental procedures were under the ARRIVE guidelines and approved by the Animal Ethics Committee of North Sichuan Medical College (No. SCXK2022-0018). All mice were randomly divided into two groups (sh-Control, n=5; sh-PRDX4, n=5). A total of 5×106 cells were subcutaneously inoculated into each nude mouse. Tumor volume and weight were recorded every four days for four weeks after injection. After treatment, all mice were euthanized to isolate tumors, and tumor weights were measured. The immunohistochemistry (IHC) method is consistent with that described in our previous work (21).





Statistical analysis

The web database generated all statistical analysis results, which were then calculated using the GraphPad Prism 9.0 software. Student’s t-test analyzed differences between the control and transfection groups. All experiments were repeated more than three times. P < 0.05 represents a statistical difference.






Results




Differential expression of PRDX family members in various tumors

A total of 31 solid tumors were analyzed using the GEPIA database for the RNA expression of each member of the PRDX family (Figure 1). Specifically, PRDX1 was highly expressed in BRCA, CESC, DLBC, GBM, PAAD, TGCT, THYM, and UCEC, and lowly expressed in KICH and LAML (Figure 1A). PRDX2 was highly expressed in DLBC, LUSC, PAAD, TGCT, THYM and UCEC, while it was lowly expressed in LAML (Figure 1B). PRDX3 was highly expressed in DLBC, PAAD, SKCM, STAD, TGCT and THYM (Figure 1C). PRDX4 was highly expressed in BLCA, COAD, DLBC, GBM, KIRC, LGG, LUAD, LUSC, PRAD, READ, SKCM, THYM and UCEC, and was lowly expressed in LAML (Figure 1D). PRDX5 was highly expressed in COAD, DLBC, LIHC, PAAD, READ, THYM, UCEC and UCS, and low in ESCA and LAML (Figure 1E). PRDX6 was highly expressed in DLBC, GBM, OV and THYM and low in LAML (Figure 1F). Furthermore, we focused on the expression of PRDXs in COAD. Although PRDX1, PRDX2, and PRDX3 were highly expressed in COAD, their expression was not statistically significant (Figures 2A-C). PRDX6 was lowly expressed in COAD, but also not statistically significant (Figure 2F). Among the PRDX family, only PRDX4 and PRDX5 were highly expressed in COAD with statistical significance (Figures 2D, E).




Figure 1 | Expression of PRDX family members in various types of cancer (GEPIA). RNA-seq data for each PRDX family member in 31 cancer types are reported as TPM, generated by the TCGA. (A-F) Expression of PRDX1-6 in 31 cancers. The horizontal coordinate cancer name in red represents high expression, green represents low expression, and black represents no statistical significance. TPM, transcripts per million; TCGA, the cancer genome atlas.






Figure 2 | Expression analysis of PRDX family members in COAD and normal tissues (GEPIA). (A-F) The mRNA expression levels of each PRDX family member in COAD and corresponding normal tissues were compared in the box plot. *P < 0.05. NS, no significance; COAD, colon adenocarcinoma.



IHC results from the HPA database were used to analyze protein expression to confirm the PRDX family’s gene expression trends in CRC. Based on the degree of staining, the protein expression of PRDX2 and PRDX4 was significantly higher in colon cancer tissues than in normal tissues (Figures 3B, D). There is no significant difference in the protein expression of PRDX1 and PRDX3 in normal tissues and cancer tissues (Figures 3A, C). Conversely, the protein expression of PRDX5 and PRDX6 was lower in colon cancer tissues (Figures 3E, F).




Figure 3 | (A-F) IHC analysis of protein expression of each PRDX family member in COAD tissues and normal tissues (HPA). Brown areas in the image indicate positive expression, and blue areas indicate negative expression. IHC, immunohistochemical; COAD, colon adenocarcinoma. scale bar, 100 μm.



It is well known that tumor node metastasis (TNM) staging remains the crucial criterion for determining the prognosis of CRC patients. Therefore, we further evaluated the correlation between PRDX family members and CRC pathological stage. Interestingly, only the expression of PRDX2, PRDX3, and PRDX4 indicated significant variability (P < 0.05) (Figures 4B-D). In contrast, there was no correlation between PRDX1, PRDX5, and PRDX6 and the pathological stage of CRC (P > 0.05) (Figures 4A, E, F).




Figure 4 | (A-F) Association between mRNA expression of PRDXs and tumor stage in COAD patients (GEPIA). The expression of PRDX2, PRDX3 and PRDX4 was significantly correlated with the pathological stage of COAD patients (P < 0.05). COAD, colon adenocarcinoma.







Association between PRDX family expression and prognosis in CRC patients

We investigated the relationship between mRNA expression and OS and DFS in CRC patients using the GEPIA database. As shown in Figure 5, PRDX family members showed no significant difference with DFS. Surprisingly, only PRDX4 expression was statistically significant in terms of OS, and low PRDX4 expression was associated with a poor prognosis (Figure 6D). Therefore, we further analyzed the relationship between PRDX4 and the clinical characteristics of CRC patients in the UALCAN database. The results revealed that the expression of PRDX4 was significantly correlated with individual cancer stages, race, gender, weight, age, histological subtypes, metastasis status, and TP53 mutation status (P < 0.001) (Figures 7A-H). Given these findings, we speculated that PRDX4 might be a potential prognostic marker for CRC.




Figure 5 | The DFS curves of PRDXs in COAD (GEPIA). (A-F) None of the PRDX family members were associated with DFS in COAD (P > 0.05). DFS, disease free survival; COAD, colon adenocarcinoma.






Figure 6 | (A-F) The OS curves of PRDXs in COAD (GEPIA). (D) Only COAD patients with low expression of PRDX4 were significantly associated with shorter OS (P < 0.05). OS, overall survival; COAD, colon adenocarcinoma.






Figure 7 | PRDX4 transcript levels in subgroups of COAD patients, stratified by individual cancer stages, race, gender, and other criteria (UALCAN). Compared with normal tissues, PRDX4 was highly expressed in all clinical subtypes shown in (A-H) and had a significant correlation with these clinical characteristics. **P < 0.01. COAD, colon adenocarcinoma.







Genetic alterations, protein expression and interaction analysis of PRDXs in CRC patients

PRDXs genetic alterations in CRC were analyzed using the cBioPortal database. The results revealed a minimum of four alteration types (PRDX3/5/6) and a maximum of six alteration types (PRDX1/2) (Figure 8A). Overall, PRDXs were altered in 61 of the 107 CRC patient samples (Figure 8B). Furthermore, PRDX1, PRDX2, PRDX3, PRDX4, PRDX5, and PRDX6 were altered in 15%, 11%, 10%, 7%, 6%, and 8% of CRC samples, respectively (Figure 8B). Moreover, the mRNA expression heatmap of PRDXs revealed that PRDX1 and PRDX3 had higher mutation rates (Figure 8C).




Figure 8 | Mutation and expression analysis of PRDX gene in COAD (cBioPortal and STRING). (A, B) Summary of alterations in different expressed PRDXs in COAD. PRDXs were altered in 61 of the 107 COAD patient samples, accounting for 57%. (C) Heatmap showing mRNA expression z-scores relative to all samples (RNA Seq V2 RSEM UQ Log2). (D) Protein-protein interaction network of the PRDX family. COAD, colon adenocarcinoma.



Furthermore, we performed PPI network analysis for each PRDX using the STRING to explore potential interactions between proteins. The results showed that there were 61 protein nodes related to the SFRP family in the constructed PPI network (Figure 8D).





Functional states of the PRDX family in CRC cells

RNA-seq technology’s emergence allows for exploring tumor cells’ functional heterogeneity. The association of each PRDX family member with 14 functional states in CRC cells is shown in Figure 9. As a potential clinical indicator of CRC progression, PRDX4’s role in cancer biology attracted our attention. According to cell function analysis, PRDX4 positively correlated with proliferation, apoptosis, and invasion of CRC cells but negatively correlated with stemness, which was closely associated with prognosis (Figure 9). Based on these results, it deserves to verify whether PRDX4 can have a similar effect on CRC cells by further in vitro analysis.




Figure 9 | Functional state analysis of PRDX family members in CRC (cancerSEA). Functional relevance of each PRDX member in CRC cells. The size of the bubble indicates the strength of the correlation; red represents a positive correlation and blue represents a negative correlation. CRC, colorectal cancer.







KEGG pathway analysis and cellular localization of PRDX4-related differentially expressed genes in CRC

We further analyzed RNA-seq sequencing data of PRDX4 from 379 CRC patients using the LinkedOmics database. The results of the volcano plot displayed that 11628 genes (red dots) were positively correlated with PRDX4, while 8200 genes were negatively correlated (green dots) (Figure 10A). Moreover, Figures 10C, D show that 50 significant genes were positively and negatively correlated with PRDX4. Among them, the strongest positive correlation was found between PRDX4 and UXT (Pearson correlation = 0.76, P = 1.34e-71), whereas the strongest negative correlation was found with SPTAN1 (Pearson correlation = 0.57, P = 8.02e-34). Furthermore, KEGG pathway analysis showed that PRDX4 positively correlated with several major cellular functional processes, including DNA replication (Figure 10B). Moreover, through cellular localization analysis, we found that PRDX4 is mainly localized to the endoplasmic reticulum (Figure 10E). In addition, it is partially localized to the cytosol (Figure 10F).




Figure 10 | Differentially expressed genes associated with PRDX4 in CRC, KEGG pathway analysis and cellular localization (LinkedOmics). (A) Pearson test was used to analyze the correlation between PRDX4 and differentially expressed genes in CRC. (B) KEGG enrichment analysis showing functional pathways associated with PRDX4. (C, D) Heatmap analysis showing genes positively and negatively correlated with PRDX4 in CRC (Top 50). Red represents positively correlated genes, and green represents negatively correlated genes. (E, F) Subcellular localization of PRDX4. Green represents the target protein, blue represents the nucleus, and red represents the cellular microtubules. KEGG, kyoto encyclopedia of genes and genomes.







Differential expression of PRDX4 in CRC cell lines

The CCLE database was applied to analyze the expression of PRDX4 in various CRC cell lines. The results suggested that among 57 CRC cell lines, the expression of PRDX4 in COLO320, HCT116, HCT15, KM12, LS411N, NCIH716, and RKO was significantly higher than in other cell lines (Figure 11A). Therefore, we selected one of the most common HCT116 cells for further in vitro and in vivo analysis. Furthermore, single-cell sequencing data (GSE81861) from the cancerSEA database revealed 14 functional cell states, such as apoptosis, proliferation, invasion, and stemness, in HCT116 cells without prior treatment (Figure 11B).




Figure 11 | Differential expression of PRDX4 in different CRC cell lines (CCLE and cancerSEA). (A) The mRNA expression level of PRDX4 in various CRC cell lines, as determined by CCLE analysis. (B) The heatmap in this panel displays the activity of function states of cells in the selected dataset. Rows represent function states, columns represent hierarchically clustered cells. Column labels indicates the cell groups which cells belong to. CCLE, cancer cell line encyclopedia.







Knockdown of PRDX4 inhibits CRC cell proliferation and invasion, but promotes apoptosis and stemness

Further analyses of PRDX4 cellular functions were performed both in vitro and in vivo to validate the cancer SEA database findings. Firstly, HCT116 cells with stable knockdown expression PRDX4 were established by lentiviral transfection (Figure 12A). RT-qPCR and western blot assays were then performed to validate the knockdown efficiency of the lentivirus. Both mRNA and protein levels were significantly reduced by targeting shRNA to PRDX4 (Figures 12A, B).




Figure 12 | Knockdown of PRDX4 inhibits CRC cell proliferation and invasion and promotes CRC cell stemness and apoptosis. (A) The transfection efficiency was observed by fluorescence microscopy and detected by RT-qPCR. (B) Western blot was used to validate the expression of PRDX4 protein in HCT116 cells transfected with shRNA. (C) Sphere formation assay of HCT116 cells showing that knockdown of PRDX4 promoted cell stemness. (D) Colony formation assay of HCT116 cells showing that knockdown of PRDX4 inhibited cell proliferation. (E) Flow cytometry results showing that knockdown of PRDX4 promoted apoptosis in HCT116 cells. (F) Transwell assay of HCT116 cells showing that knockdown of PRDX4 inhibited cell invasion. (G) Knockdown of PRDX4 inhibited tumor growth of HCT116 cells in vivo. (H) Images of IHC staining of PCNA in xenograft tumors. scale bar, 50 μm. *P < 0.05, **P < 0.01. IHC, immunohistochemical; PCNA, proliferating cell nuclear antigen.



Numerous studies have found a strong link between the stemness of cancer cells and the prognosis of cancer patients (22). Consequently, a sphere formation assay was utilized to determine the effect of PRDX4 expression level on the stemness of cancer cells. The results showed that knocking down PRDX4 dramatically promoted the sphere-forming capability of cancer cells (Figure 12C). As shown in Figures 12D–F, knocking out PRDX4 inhibited HCT116 cell proliferation and invasion while promoting apoptosis. Notably, the experimental results of PRDX4 apoptosis were not consistent with the bioinformatics analysis in Figure 9. Furthermore, the effect of PRDX4 on cancer cell proliferation in vivo was assessed by injecting sh-Ctrl or sh-PRDX4 cells into nude mice. The results suggested that the tumor volumes were significantly reduced in the sh-PRDX4 group compared to the control group (Figure 12G). Proliferating cell nuclear antigen (PCNA) was used to indicate tumor proliferation. IHC staining revealed that the expression of PCNA in the sh-PRDX4 group was significantly lower than in the control group (Figure 12H). Taken together, these results demonstrate the involvement of PRDX4 in regulating CRC cell progression.






Discussion

Recent studies have noted that ROS, a crucial regulator of the intracellular environment, is strongly associated with tumorigenesis (23). In addition, ROS is involved in the growth process of tumor cells and can promote metastasis and thus affect patient prognosis (24). This has led to the suggestion that ROS modulators may be helpful in the primary prevention of cancer.

Increasing research has demonstrated that aberrantly expressed PRDXs are involved in a series of tumor cell processes, including cell proliferation, apoptosis, and invasion (25, 26). For instance, several studies have indicated that PRDX1 can function as a pro-oncogene in lung cancer (27) and soft tissue sarcoma (28). In vivo, PRDX1 knockout mice developed several malignancies, including lymphomas and sarcomas (29). In addition, PRDX1, PRDX2, and PRDX6 have also been reported to be overexpressed in oral squamous cell carcinoma (30–32). Moreover, the tumor-promoting role of PRDX4 has been demonstrated in lung cancer, leukemia, and glioblastoma (33–35). As for PRDX5, it shows a dual function in tumors. Elamin et al. found that PRDX5 was the only member of the PRDX family markedly downregulated in breast cancer (36). In contrast, Gérard et al. reported the tumor-promoting role of highly expressed PRDX5 in thyroid cancer (37). Surprisingly little is known about the PRDX family in CRC, particularly PRDX4. Therefore, we conducted this study to address this issue.

PRDX was first introduced in 1994, and subsequent studies found that PRDX4 is located on human chromosome 10p22.13 (38, 39). Numerous studies have demonstrated the potential of PRDX4 as a biomarker for many diseases, such as diabetes and stroke (40). However, the role and prognostic value of PRDX4 in CRC remain unknown, which drew our attention. To our knowledge, this is the first study to combine multicenter databases to analyze the expression and prognostic value of the entire PRDX family in CRC. The data in this study included cell lines and clinical samples and comprehensively revealed the expression and prognostic value of the PRDX family in CRC. First, we found that PRDXs are differentially expressed in colon adenocarcinoma (COAD) at the mRNA level. Consistently, PRDXs showed the same expression trend at the protein level in COAD. Then we explored the relationship between PRDXs and tumor stage and found that only PRDX2, PRDX3, and PRDX4 were significantly correlated with COAD stage. Finally, GEPIA further investigated the prognostic value of PRDXs in COAD. Nevertheless, only PRDX4 showed a significant correlation in OS. Moreover, we also found that PRDX4 was associated with multiple clinical characteristics, including age, sex, pathological subtype, lymph node metastasis, etc., suggesting that PRDX4 may be a potential prognostic marker for COAD.

Recently, several studies have identified that mutations cause approximately 40% of CRC cases in tumor suppressors or oncogenes (41). Further genetic analyses revealed that differentially expressed PRDXs undergo frequent genetic alterations in COAD. These data could partially explain the causes of colorectal carcinogenesis. By building a protein interaction network, we found that PRDXs are mostly associated with peroxides and cell proliferation proteins. We further focused on the functional states of PRDXs in CRC. The results suggested that PRDX4 was positively associated with apoptosis, proliferation, and invasion and negatively associated with stemness. We discovered that PRDX4 is primarily involved in the biological process of cell proliferation using KEGG enrichment analysis, which is consistent with previous research. Moreover, our in vitro and in vivo experiments further validated PRDX4’s role in COAD. In HCT116 cells, knocking down the expression of PRDX4 inhibited proliferation and invasion and promoted apoptosis. These findings are consistent with the studies reported by Yi et al. (42). Extensive studies have demonstrated the involvement of CSCs in developing tumors, and their formation is one of the leading causes of cancer recurrence (43). Intriguingly, the downregulation of PRDX4 expression promotes stemness in HCT116 cells. This finding may explain the poor prognosis caused by the low expression of PRDX4. Overall, our study systematically reveals the primary role of PRDXs, especially PRDX4, in the carcinogenesis of COAD and provides a promising strategy for treating COAD.

Our study has some undeniable limitations. All analytical data in our study were obtained from online databases, and additional clinical samples must be collected for subsequent validation. Furthermore, our in vitro and in vivo assays used only one type of COAD cell, and our findings need to be validated in more CRC cells.



Conclusion

Our current research mainly has the following innovations: (1) We used multiple databases for the first time to systematically examine the transcriptome, mutation, mRNA, and protein of the PRDX family in CRC. (2) The differential expression of PRDX4 was finally determined by screening to be closely related to the prognosis of COAD patients. (3) Our in vitro and in vivo analyses revealed that aberrant expression of PRDX4 has significant effects on the process of COAD, including proliferation, apoptosis, invasion, and stemness. Based on our comprehensive analysis and validation, PRDX4 may represent a new prognostic factor for COAD.
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Despite distant metastases being the critical factor affecting patients’ survival, they remain poorly understood. Our study thus aimed to molecularly characterize colorectal cancer liver metastases (CRCLMs) and explore whether molecular profiles differ between Synchronous (SmCRC) and Metachronous (MmCRC) colorectal cancer. This characterization was performed by whole exome sequencing, whole transcriptome, whole methylome, and miRNAome. The most frequent somatic mutations were in APC, SYNE1, TP53, and TTN genes. Among the differently methylated and expressed genes were those involved in cell adhesion, extracellular matrix organization and degradation, neuroactive ligand-receptor interaction. The top up-regulated microRNAs were hsa-miR-135b-3p and -5p, and the hsa-miR-200-family while the hsa-miR-548-family belonged to the top down-regulated. MmCRC patients evinced higher tumor mutational burden, a wider median of duplications and deletions, and a heterogeneous mutational signature than SmCRC. Regarding chronicity, a significant down-regulation of SMOC2 and PPP1R9A genes in SmCRC compared to MmCRC was observed. Two miRNAs were deregulated between SmCRC and MmCRC, hsa-miR-625-3p and has-miR-1269-3p. The combined data identified the IPO5 gene. Regardless of miRNA expression levels, the combined analysis resulted in 107 deregulated genes related to relaxin, estrogen, PI3K-Akt, WNT signaling pathways, and intracellular second messenger signaling. The intersection between our and validation sets confirmed the validity of our results. We have identified genes and pathways that may be considered as actionable targets in CRCLMs. Our data also provide a valuable resource for understanding molecular distinctions between SmCRC and MmCRC. They have the potential to enhance the diagnosis, prognostication, and management of CRCLMs by a molecularly targeted approach.
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Introduction

Metastasis, the process of spreading cancer cells from the primary site to distant organs, is a major cause of cancer mortality (1). The liver is the most common site of distant metastasis in colorectal cancer (CRC) patients. Colorectal cancer liver metastases (CRCLMs) are rather frequent. Even during the disease follow up, about 50% of CRC patients experience tumor occurrence at a distant site, resulting in a poor prognosis with a 14% five-year survival rate (2).

When the CRCLMs are not treated, the disease exhibits an unfavorable prognosis with the median overall survival (mOS) of less than 12 months. Even with the use of aggressive treatment (e.g. oxaliplatin-based treatment), the overall survival (OS) does not exceed 13-18 months (3–5). The only curative approach at present is surgical resection of isolated liver metastases. However, only 20% of resected patients attain long-term remission [1% of patients would develop liver metastasis during one-year follow-up, whereas 15% during five-year follow-up (5–11)], while 60-70% of patients experience local or distant recurrence (12). However, it remains clinically impossible to predict which patients are more likely to develop distant recurrence after resection of primary cancer. As the incidence and mortality of CRCLMs remain high, it is important and urgent to identify their etiology, molecular mechanisms, and biomarkers for early prediction and personalized treatment.

Patients with CRCLMs form a heterogeneous group. We can distinguish between Synchronous (SmCRC) and Metachronous (MmCRC) colorectal cancers. There is, however, still no consensus on the definition of SmCRC and MmCRC as used in the context of CRCLMs. Although by definition, all metastases are synchronous (occult or detectable at diagnosis), most definitions include detection at or before diagnosis or surgery of the primary tumor (13), while some also include metastases detected up to 3 (14, 15), 4 (16) or 6 months (17, 18) following diagnosis. It was suggested that both diseases might represent a distinct phenotype and impact therapy outcome, such as patients with SmCRC compared with patients with MmCRC have more adverse prognostic features and significantly shorter time to treatment failure (19). However, several studies did not confirm that (20, 21).

Over the past few decades, numerous preclinical and clinical studies have been conducted to uncover the underlying mechanisms of CRCLMs formation. However, only a limited number of results from these studies reached clinical practice, such as assessing PD-L1 expression in tumor cells using immunohistochemistry to provide prognostic information and predict response to treatment with PD-1/PD-L1 inhibitors (22). The lack of biomarkers in clinical practice is mainly because most studies focused on a single gene or a primary tumor.

In the present study, the high-throughput approaches with comprehensive bioinformatic analysis provided us with a platform for the analysis of metastatic tissue, both SmCRC and MmCRC, to find relevant hub genes and pathways and understand the molecular mechanism and characteristics of CRCLMs. In addition, we also investigated clinicopathologic information of SmCRC and MmCRC patients to improve patients´ management and follow-up.





Materials and methods




Sample collection, transport, and storage

In this prospective single-center study, histologically confirmed CRCLM patients were recruited at the Department of Oncology and Radiotherapy (Hradec Kralove, Czech Republic) between June 2019 and December 2021. All CRCLM cases were monitored regularly until May 31st, 2022. Patients with any personal history of previous other malignancy or with CRC-associated well-defined inherited syndromes (including Lynch syndrome, familial adenomatous, and MUTYH-associated polyposis) were excluded from the study. In total, 10 CRCLM patients were included in the study.

Biological samples were immediately put in an RNA Later stabilization reagent (Invitrogen, USA) and stored at − 80°C. Clinical data were collected from all subjects recruited in the study. The clinicopathological data for the patients recruited are reported in Table 1.


Table 1 | Patients´ characteristics.



The local ethics committees at the Faculty Hospital in Hradec Kralove, Czech Republic (number of approval 201207- S01P) and the Institute of Experimental Medicine, Prague, Czech Republic (number of approval 2018/05) approved the study. All patients provided written informed consent.

The colon mucosa from healthy individuals the fresh frozen samples were collected consecutively during the planned colonoscopy and were described in Jungwirth et al. (23).





Seed and soil mechanism and correction of bioinformatical data

The first cells invading the liver came from the primary CRC tumor. They thus also carry the genome/transcriptome of the primary tumor, respectively colorectum. Thus, comparing the genetic/molecular background of CRC cells with non-tumor liver cells could lead to results focused on organ specificity rather than on the distinctiveness of the metastasis relative to the healthy tissue. For this reason, we included a set of control colon tissues into the analyses apart from the patients’ paired samples (metastases and adjacent liver tissue). Overall, control colorectal tissues (n=10) were used to eliminate false positive results from contamination of liver tissue. These tissues were used from healthy individuals with no previous or current cancer. This correction was used for DNA methylation assessment and RNA seq analysis. A more detailed description of this correction is explained in the bioinformatics section of the methods.





DNA isolation, quality, and quantity analyses

DNA isolation, quality and quantity analyses were all performed according to the manufacturer’s instructions. For detailed description see the appendix.





Whole exome sequencing (WES)

We enriched protein-coding DNA using Human Whole Exome kit v7 (Agilent, USA) according to the manufacturer´s instructions. For detailed description see the appendix.

The data curation was performed using the standard tools – FastQC, MultiQC (24) for quality control, Trimmomatic for data trimming (25), BWA for alignment (26), PicardTools for deduplication, GATK pipline for variant calling (27), PureCN for tumor purity and CNV calling (28), SnpEff for variant annotations (29). For detailed description see the appendix. TMB was calculated as aTMB and fTMB as described in Zou et al. (30).





DNA methylation analysis

DNA methylation analyses were done by the Infinium Methylation EPIC Kit (Illumina, USA) according to the manufacturer’s protocol and as described in Honkova et al. (31)

Raw data were processed with the minfi package (32). Data were normalized using the quantile method. A series of filtering was performed(probes with SNPs and crossreactive probes (33), probes to eliminate false positive results from tissue bias), resulting in the final number of 559,364 probes. SVA package was used for batch corrections (34). Differentially methylated loci were identified using limma package (35) and for the multiple testing of the false discovery rate (FDR), the p-values for the contrast of interest were adjusted to be below <0.01, which is regarded to be the most appropriate for microarray analysis (36). Annotatr package was used for the probe annotations (37) and clusterProfiler (38) and ReactomePA (39) for the functional analyses. For detailed description see the appendix.





RNA isolation, quality, and quantity analyses

RNA isolation, quality and quantity analyses were all performed according to the manufacturer’s instructions. For detailed description see the appendix.





RNA-seq analysis

Ribosomal RNAs (rRNAs) were removed using NEBNext rRNA Depletion Kit (Human/Mouse/Rat, New England Biolabs, USA). RNA sequencing cDNA libraries were constructed according to the NEBNext Ultra II Directional RNA Library Prep Kit for Illumina, as provided by the manufacturer (New England Biolabs, USA). For detailed description of sequencing see the appendix.

The data curation was performed using the standard tools – FastQC, MultiQC for quality control (24), Trimmomatic for data trimming (25), BBmap for ribosomal RNA filtering, STAR for alignment (40), RSEM for quantification (41). The tumor purity, immune and stromal proportion, and contamination of liver tissue were assessed by the ratio of somatic variants in non-differently expressed genes and by the ESTIMATE R package (42) ahead of the final expression calculation. The normalized counts of metastatic samples were then cleaned from the contamination of liver tissue by subtracting the calculated proportion of the liver tissue normalized counts. EdgeR was used for identifying differentially expressed genes (43). After Benjamin-Hochberg adjustment, gene was considered deregulated with FDR lower than 0.01 and absolute logFC greater than 1. culsterProfiler (38) and ReactomePA (39) were used for functional analyses. For detailed description see the appendix.





miRNA isolation, quality, and quantity analyses

RNA isolation, quality and quantity analyses were all performed according to the manufacturer’s instructions. For detailed description see the appendix.





Small RNA-sequencing

The next-generation sequencing library preparation was carried out as described in Sabo et al. (44) and Cervena et al. (45). MiRNA libraries were constructed using the NEB Next Multiplex Small RNA Library Prep Set for Illumina (New England BioLabs, USA) according to the manufacturer’s protocols.

FastQC and MultiQC (24) were used for quality control, Cutadapt tool (46) for trimming and BBMap for ribosomal RNA filtering. The miRge3.0 pipeline (47) was used for alignment and quantification. Significantly different miRNAs were identified by EdgeR R package (43). After BH adjustment, the miRNA was considered DE with a false discovery rate lower than 0.05.





External validation

For external validation of our data, the GSE62321 set was used (48, 49). This set comprises pairs of primary tumors and hepatic metastases before chemotherapy from 13 patients.





Bioinformatic in silico analysis




DepMap data analysis

To analyze the IPO5 gene interactions, the correlation data were downloaded from the CRISPR (Avana) Public Depmap v20Q3 portal (https://depmap.org/portal/download/) for all cell lines in the database (1,078 cell lines). Gene correlation between IPO5 knockout effect and gene expression was considered significant for a p-value lower than 0.05 and an absolute value of correlation coefficient higher than 0.1. Functional enrichment analysis of significantly correlated genes with the IPO5 effect was performed using the clusterProfiler, and ReactomePA R packages. Only terms associated with a BH-adjusted p-value lower than 0.05 were considered.







Results




Patients´ characteristics

The clinical and pathological characteristics of 10 patients with liver metastasis included in the study are described in Figure 1 and Table 1. Patients were predominantly males (70%) with a mean age of 64.6 ± 8.1 years. At the time of diagnosis, three patients had CRC stage III, while seven patients had stage IV disease with metastases confined to the liver. Regarding the therapy, two subjects received chemotherapy and/or radiation therapy prior to the surgical resection of the primary tumor and one after the primary tumor resection. All patients had CRCLM eligible for potential resection at the time of enrollment. In terms of chronicity, the group SmCRC patients comprised seven patients, while the MmCRC group three. Two patients received induction therapy with Bevacizumab/mFOLFOX6 prior to the CRCLM resection and six patients received a fluoropyrimidine-based adjuvant chemotherapy following CRCLM resection. Nine patients relapsed with a median relapse-free survival (RFS) of 12.0 months (range 2.3–26.5 months). Three of these patients were eligible for subsequent surgery and five received palliative fluoropyrimidine-based chemotherapy and/or targeted therapy. Four patients had died during the follow-up period with a median OS of 19.4 months (range 18.6–35.6 months).




Figure 1 | Swimmer plot. The clinical and pathological characteristics of 10 patients included in the study. Each bar represents one subject in the study, and symbols along each bar represent various relevant clinical events.







DNA-based analysis




Analysis of WES data

We have successfully analyzed the DNA isolated from 10 paired CRCLM and adjacent liver tissue samples.

After alignment, a range from 81 to 169 million properly aligned read pairs per sample were obtained. In summary, the percentage of adequately mapped read pairs reached 99% for all samples. The average read depth for each patient can be found in Supplementary Table S1. Due to low data quality control, two out of ten patient samples had to be discarded from this analysis.

With the advantage of robust WES data, several features, such as mutational analysis, tumor mutation burden and copy number variations were analyzed with obtained WES data. The first analysis of all samples was performed, and then stratification for either SmCRC or MmCRC was presented.






Mutation analysis

WES in CRCLM and adjacent liver tissue DNA was performed to identify somatic tumor-specific single nucleotide variants (SNV) and short insertion/deletion (Indel) mutations characterizing liver metastasis.

In total, 1,900 heterozygous and homozygous SNVs and Indels (1,779 substitutions, 4 double substitutions, 58 short insertions, and 59 short deletions) have been discovered as different between these two groups: 104 with high, 361 with moderate, 645 with low and 816 with modifier putative effect. Regarding the SNV effect, the largest group of identified variants belonged to the missense and intron variants, followed by synonymous variants. For the Polyphen2 calculation, we filtered out only non-synonymous exonic variants, and the results were as follows: benign prediction was among all samples in the range 32-48%, possibly damaging in the range 17-33%, and damaging prediction in the range 28-48%. After stratification for chromosome localizations, the observed variants’ distribution was similar across all chromosomes (Supplementary Figure 1).

The most frequent somatic mutations at the time of enrolment were in APC (75%), SYNE1 (50%), TP53 (50%), and TTN (50%) genes. Only one APC mutation (rs121913333, c.2680C>T, p.Arg894*) was detected more than once (patients ID 5 and 22, Supplementary Table S2). No other mutations were observed more than once. The top genes with a mutation frequency of > 38% are presented in Figure 2A.




Figure 2 | Mutational and copy number variants analyses. (A) The distribution of genetic alterations detected in all samples. Only genes affected, at least in 3 samples, are pictured. Each column represents a patient, and each row represents a gene. Different colors indicate different mutation types. The bar chart on the top shows the total number of the given gene mutations observed in the sample. (B) The distribution of genetic alterations detected between SmCRC and MmCRC patients. Each column represents either SMCRC or MmCRC group of patients, and each row represents a gene. Only genes with differences in relative group distribution difference of 50% or higher are pictured. Different colors indicate different mutation types. (C) The distribution of mutational signatures in percents according to the COSMIC SBS V3 database across all samples. Only signatures with distribution in single sample of more than 5% are pictured. Each column represents a patient. (D) Heatmap of CNV distribution across all samples. Each row is represented by a patient. A chromosome represents each column. The green color represents a gain, while red represents a loss within a chromosome locus.



In the terms of chronicity, we further compared the mutational landscape between SmCRC (n=5) and MmCRC (n=3) patients. No significant differences in distribution among these two groups were noticed after stratification for putative effect, SNV effect, chromosome distribution, or Polyphen2 characterization (Supplementary Figure 2).

Using the OncoPrint for visualization of differences in the distribution of genomic variations, the most observed difference between these two groups was noticed for MUC16, RYR2 (SmCRC in 60% vs MmCRC 0%) and USH2A, ACACA, ALS2CL, ATP10A, BRINP2, CACNA1l, CCNJ, CFAP46, DYNC2H1, ENPP7P13, KIA1549L, MED13L, PCDHA10, PRPF6, PTPRT (0% vs 66%) genes. No other substantial differences were observed between these two groups (Figure 2B).





Tumor mutation burden analysis

The overall TMB representing the number of single nucleotide variations (SNVs), multiple nucleotide variations (MNVs), and InDels per Mb was calculated. TMB was defined as aTMB, which includes synonymous mutations, and fTMB, which excludes synonymous mutations. The average value of aTMB was 5.99 in all patients, and the median value of aTMB was 6.62 in all patients (SmCRC aTMB mean 5.84 and median 6.60, MmCRC aTMB mean 6.22 and median 6.64, respectively). The average value of fTMB was 5.21 in all patients, and the median value of aTMB was 5.75 in all patients (SmCRC fTMB mean 4.98 and median 5.59, MmCRC fTMB mean 5.59 and median 6, respectively).





Mutational signature

Mutational signature analysis revealed that transition mutations were more common than transversion mutations, and C > T substitutions were predominant in our samples (Supplementary Figure 3).

To better understand the pathogenesis of CRCLM, we performed mutational signature analysis on 2,696 (1,779 heterozygous/homozygous and 917 subclonal) SNVs by analyzing the six mutation classes (C > T, C > A, T > C, T > G, C > G, and T > A). According to the COSMIC SBS V3 database, we identified eight mutational signatures with a higher than 5% proportion in our CRCLM samples (in descending order SBS1, SBS6, SBS17b, SBS36, SBS30, SBS25, SBS3, and SBS9, Figure 2C).

In the terms of chronicity, SmCRC patients had a higher proportion of SBS1 (cause of mutations is age related) and SBS6 (cause is related to defective mismatch repair) mutational signatures, while MmCRC patients displayed a more heterogeneous distribution of mutation signatures. Given the small number of patients in each group taking this result with caution is necessary.





CNV analysis

Using PureCN, we identified recurrent CNVs affecting 5,432 genes (4,564 gained genes and 868 lost genes, Supplementary Table S3) within at least 50% of our group, containing several already known and putative driver genes (Figure 2D). For all samples, the median duplication length was 2,675,594 bases, while the median deletion length was 783,537. The density of genomic sizes of structural variants in all CRCLM patients is depicted in Figure 3C. The deletions ranged from ~239 b to 92 Mb, with a distinct peak at ~496 kb. A broad range of differently sized duplications (~264b-147Mb) was observed, with a peak at 1.2 Mb.




Figure 3 | The description if miRNA-based results and functional enrichment of its targets. (A) Volcano plot reporting the log2FC and the adjusted p-value in the DE analysis between metastasis and adjacent liver tissue. Thresholds: adjusted p-value < 0.0+ and |log2FC| > 1. (B) Heatmap of top 50 differentially expressed miRNAs between metastasis and adjacent liver tissue. (C) The top miRNA targets from target enrichment analysis. (D) The Reactome enrichment analysis of the top 10 differentially up-regulated miRNAs. (E) The Reactome enrichment analysis of the top 10 differentially down-regulated miRNAs.



In the terms of chronicity, for SmCRC, the median duplication length was 2,166,142 (range 264b-147Mb, peak at 1.2Mb) bases while the median deletion length was 116,0517 (range 241b-92Mb, peak at 929kb). For MmCRC, median duplication length was 3,267,214 and median deletion length 607,852 (range 269b-125Mb, peak at 1.6Mb, respectively 239b-66Mb, peak at 382kb, Supplementary Tables S4 and Supplementary Figure 4).





DNA methylation analysis

We have successfully analyzed the DNA isolated from 8 paired CRCLM and adjacent liver tissue samples.

To obtain an overview of DNA methylation profiles, first, the principal component analysis based on the differential DNA methylation of the CpG loci showed a clear separation among CRCLM and adjacent liver tissue (Supplementary Figure 5).

We next analyzed the major differences in DNA methylation distribution and found 25,865 CpG sites differentially methylated in CRCLM tissue compared to adjacent liver tissue. Among the differentially methylated CpG sites, 5,185 were hypermethylated and 20,680 hypomethylated and mapped to 3,412 different genes (1,043 hypermethylated and 2,369 hypomethylated). Hypermethylated CpG sites were predominantly observed in CpG islands (64.4%). On the other hand, hypomethylated CpG sites were mainly located in intergenic regions, the so-called open sea (79.8%) (Supplementary Figure 5).

Additionally, we identified those genes with the highest quantitative differences in methylation between CRCLM and adjacent tissue. The comparison was based on the analyzed Δβ-values and CpG sites with an adjusted p-value < 0.01. The distribution of the top 25 genes with the highest differences in methylation and hierarchical clustering is depicted in Figure 4A.




Figure 4 | The distribution of DNA methylation patterns. (A) Heatmap of top 25 significantly hypermethylated and top 25 significantly hypomethylated genes between metastasis and adjacent liver tissue. (B) Emapplot of the overrepresentation analysis (ORA) pathway enrichment according to the Reactome database.



For the visualization, interpretation and analysis of affected pathways, the Reactome database was used for pathway enrichment in our list of differentially methylated genes (Supplementary Table S5 and Figure 4B). The hypomethylated genes were involved in processes such as Cell adhesion and extracellular matrix (ECM) organization, and the hypermethylated genes in Neuroactive ligand-receptor interaction or calcium signaling pathways and various cancer-related pathways.





RNA-based analyses




RNA-seq analysis

We have successfully analyzed the RNA isolated from 9 paired CRCLM and adjacent liver tissue samples and 9 non-paired normal colon tissue samples.

The expression profiling of transcripts and differential expression of genes between the CRCLM and adjacent liver tissue samples were analyzed using RNA-seq data. As for WES, the first analysis of all samples was performed, and then stratification for either SmCRC or MmCRC was presented.

After the normalization of liver contamination in metastatic tissue by using paired liver samples, 14,121 genes remained in the analysis. A total of 2,711 differentially expressed genes (DEGs, adjusted p < 0.01 and absolute value of logFC > 1) were identified by an analysis of CRCLM compared with colon tissue. Of these, 1,719 were up-regulated, and 992 were down-regulated in CRCLM samples (Figure 5A and Supplementary Table S6). The stratification for the top 50 significant DEGs is depicted in Figure 5B.




Figure 5 | Differentially expressed genes ‘characterization. (A) Volcano plot reporting the log2FC and the adjusted p-value in the DE analysis between metastasis and adjacent liver tissue. Thresholds: adjusted p-value < 0.01 and |log2FC| > 1. (B) Heatmap of top 50 differentially expressed genes between metastasis and control colon tissue. (C) Emapplot of the gene set enrichment analysis (GSEA) of the significantly deregulated pathways in the Reactome terms (adj. p-value < 0.05, top 80 terms).



To further characterize the changes in mRNA expression levels in CRCLM and adjacent liver tissue samples, functional pathway enrichment analysis was performed to identify the main related biological functions. Gene set enrichment analysis (GSEA) uncovered 124 significantly deregulated pathways in the Reactome terms (adj. p-value < 0.05, top 80 in Figure 5C). Overrepresentation analysis (ORA) of up-regulated (logFC > 1) and down-regulated (logFC < -1) genes are reported in Supplementary Table S7. The most significant results were obtained for down-regulated genes, which were enriched in Reactome terms related to Ion channel transport, the citric acid cycle, and respiratory electron transport. Conversely, the up-regulated genes were enriched prevalently in ECM organization and degradation of ECM. Similarly, GSEA on KEGG terms uncovered 27 significant terms, ORA on upregulated genes described 15 significant KEGG terms, and ORA on downregulated genes described 17 significant KEGG terms (Supplementary Figure 6).

In the terms of chronicity, only two genes were significantly down-regulated in SmCRC compared to MmCRC (PPP1R9A logFC=2.8, FDR=0.05, and SMOC2 logFC=2.6, FDR=0.05).






miRNA-seq analysis

We have successfully analyzed the miRNA isolated from 10 paired CRCLM and adjacent liver tissue samples.

To identify the miRNA signature for CRCLM detection, the miRNA expression profiling between the CRCLM and adjacent liver tissue sample was analyzed using miRNA-seq data. As for WES and RNA-seq, the first analysis of all samples was performed, and then stratification for either SmCRC or MmCRC was presented. Additionally, we also looked at valid miRNA targets that may be associated with differential miRNA expression levels in CRCLM.

After sequencing, an average of 57.3% of the reads were aligned to miRNA sequences, while 10.2% were aligned to other small non-coding RNAs (sncRNAs) (Supplementary Figure 7; Supplementary Table S8). In total, 1,603 miRNAs were detected, with an average of 845 miRNAs detected in each sample and 670 miRNAs with sufficient coverage across all samples for differential expression calculation. Other classes of sncRNAs were seen, including, tRNAs, and snoRNAs. The distribution of the detected non-miRNA sncRNAs in the sample group is shown in Supplementary Table S9. In total, 2,415 non-miRNA sncRNAs were identified in all subject groups.

In total, 123 miRNAs were up- and 92 down-regulated in CRCLM compared to adjacent liver tissue (Supplementary Table S10). Among the up-regulated top miRNAs were hsa-miR-135b-3p, hsa-miR-200c-3p, hsa-miR-200b-5p, hsa-miR-183-5p, hsa-miR-182-5p, hsa-miR-200b-3p, hsa-miR-96-5p, hsa-miR-135b-5p, hsa-miR-429 and hsa-miR-200a-5p. Among the top down-regulated were hsa-miR-548p, hsa-miR-99a-3p, hsa-miR-548ah-3p/548am-3p, hsa-miR-139-5p, hsa-miR-125b-2-3p, hsa-miR-30c-1-3p, hsa-miR-455-3p, hsa-miR-126-3p, hsa-miR-483-5p, hsa-miR-365a-3p/365b-3p. The levels of the most significant deregulated miRNAs are reported in Figures 3A, B.

In the terms of chronicity, only two miRNAs were deregulated between SmCRC and MmCRC (hsa-miR-625-3p and hsa-miR-1269-3p, Supplementary Table S11).

The miRNA binding to its target transcript does not necessarily lead to a downregulation of gene expression. In fact, most of the observed miRNA binding events have minor functional consequences. Thus, focusing on miRNA binding alone has limited value in predicting valid miRNA targets, i.e., downregulated targets. To alleviate this problem, we directly determined the target downregulation of miRNA-seq with RNA-seq. Among the top miRNA targets were observed PTEN, HSPA1B, BCL2L11, KRAS, and BCL2 genes (Figure 3C). Gene set enrichment analysis of targeted mRNAs by miRNAs can support the role of differentially expressed miRNAs. The Reactome enrichment in Figures 3D, E and the KEGG enrichment analysis of differentially expressed miRNA-targeted pathways is presented in Supplementary Figure 7. Among these pathways Signaling pathways regulating pluripotency of stem cells, TGF-Beta, WNT, Ras, mTOR, and NOD-like receptor signaling pathway were the most prominent pathway targeted by deregulated miRNAs.





Integration of results from the genome, methylome, transcriptome, and miRNAome analyses

To go behind the source of gene deregulation in our set, we also performed integrated analysis for the regulatory relationships of DNA methylation, genetic selection, and miRNA expression data, together with mRNA expression data. The overlap of alterations discovered between the CRCLM across all platforms was performed (Figure 6A). We have identified 2,711 differentially DEGs, out of which 612 could be explained as deregulation due to the CNV effect, 22 due to the miRNA expression levels, and 212 due to methylation profile. CNV, methylation, miRNA, and DEGs overlapped at one gene, IPO5 (high expression profile, high miRNA expression, hypomethylation profile, and gain in the CNV analysis, Figure 6B).




Figure 6 | The integration of results from the genome, methylome, transcriptome, and miRNAome analyses. (A) The overlap of alterations discovered between the CRCLM patients across all platforms. The outside heatmap circle represents the significant DEGs, the blue color represents up-regulation, yellow color represents down-regulation. The middle heatmap circle represents the methylation level for the genes depicted in the outside circle, the red color represents hypermethylation, the green color hypomethylation, and the black color non-significant changes. The inner heatmap represents the CNV level for the genes depicted in the outside circle. The cyan color represents gains, the purple represents losses. (B) Venn diagram showing the overlap between DEGs obtained in the analysis stratified by methylation profile, CNV, and miRNA expression levels. (C) The heatmap of KEGG (light blue) and Reactome (dark blue) enriched pathways and genes from integrated analysis of genome, methylome and transcriptome analyses. Up-regulated genes have red square while down-regulated genes have green square. White square means that the gene is not present in the specific pathway.



To analyze the IPO5 gene interactions, the correlation data were downloaded from the CRISPR (Avana) Public Depmap v20Q3 portal (https://depmap.org/portal/download/) for all cell lines in the database (1,078 cell lines). With the threshold for adjusted p-value 0.05 and absolute value of correlation coefficient >0.1, 1,739 genes that interact with the IPO5 gene were identified.

The most significant results obtained for IPO5 gene enriched in Reactome were related to the cell cycle. The Reactome analysis for IPO5 gene was visualized in Supplementary Figure 8 and Supplementary Table S12.

It is well known that one miRNA can regulate several genes and vice versa, multiple miRNAs can regulate one gene. For this reason, we were also interested in overlapped genes without considering the miRNA expression levels. This combined analysis resulted in 107 genes (Figure 6B and Supplementary Table S13). GSEA on Reactome and KEGG terms uncovered significant terms (Figure 6C and Supplementary Table S14) related to relaxin, Estrogen, PI3K-Akt, WNT signaling pathways and intracellular signaling by the second messenger.

Due to the low numbers in each group, no stratification for SmCRC and MmCRC was not performed.





External validation

To validate our results, the GSE62321 set was used (48, 49). After data processing 9,115 genes were left out of which 2,873 genes were significantly deregulated between colon and metastases. The intersection between our and this validation set resulted in 5,918 genes where 592 genes were significantly deregulated (332 up- and 260 down-regulated) in the validation set and 1,060 (624 up- and 436 down-regulated) in our set. The final intersection between these two sets resulted in 366 DEGs where 204 were up- and 162 down-regulated (Supplementary Table S15).

The same validation set also comprised primary tumors from patients with metastasis (105 significantly DEGs between primary tumor and metastasis). Comparing this set with our set, the intersection resulted in 9 significant DEGs (2 upregulated and 7 downregulated, Supplementary Table S16).






Discussion

In newly diagnosed CRC patients without metastases, elucidating potential molecular risk factors for the development of liver metastasis is paramount, as they could have important clinical implications. For this reason, we focused on CRCLM patients as, after all, metastasis constitutes the primary cause of death for >90% of patients with CRC (1). Understanding the dynamics of this process will help identify targets for molecular therapies that may halt or possibly reverse cancer growth and metastasis. By identifying these targets, therapies can be designed to target cancer cells more precisely through either selective disruption of pathways necessary for cancer cell survival/growth or artificial modulation of the patient’s immune system to generate a response against cancer cells. Besides, given its potential impact on patient care, a better understanding of the development of distant metastases is critical.

This study aimed to molecularly characterize metastatic tissues in CRCLM patients and explore whether molecular profiles differ between SmCRC and MmCRC. This characterization was performed by high-throughput approaches, such as WES, whole transcriptome, whole methylome, and miRNAome and analyzed by comprehensive bioinformatic tools. We hypothesize that combining all these approaches into comprehensive molecular profiling would lead to more relevant findings than single analyses published previously. We have demonstrated the utility of this integrative and broad approach where each genomic platform, independently and in combination, contributed to detecting pathogenic variants in all samples. We first analyzed each approach separately and then combined all the analyzes together and summarized the results below.

By analyzing the results from the WES only, we revealed an APC mutation (rs121913333, c.2680C>T, p.Arg894*) that was detected more than once. No other mutation was observed in any other gene more than once. Similarly, Naxerova and co-authors reported that in 65% of cases, regional lymphatic and distant metastases arose from independent subclones from the primary tumor (50).

CRC cells acquire a capacity to evade the primary CRC through morphological changes such as EMT, migration through the ECM, invasion into the neighboring tissues, intravasation, survival in the circulation, extravasation and finally, colonization to distant liver forming more aggressive CRCLMs (51). The ability of cells to undergo all these steps in the metastatic cascade requires them to acquire specific characteristics connected to the ‘hallmarks of cancer’. In addition, Vermeulen et al. (52) proposed liver metastasis as a heterogeneous tumor and classified CRC liver metastasis into 3 growth patterns, i.e., pushing, desmoplastic, and replacement, based on histological differences. This agrees with our findings, the up-regulated genes in our study were prevalently enriched in the ECM degradation and organization, and hypomethylated genes were involved in processes such as Cell adhesion and ECM organization.

Deregulation of gene expression in the metastatic process is a complex process involving several modalities, including genomic changes or epigenetic modifications. Although the mutations in a few driver genes, such as APC and TP53, are shown to be one of the drivers of CRC progression as well as a biomarker of CRC stage and resistance to various CRC therapies (53), the true heterogeneity between patients is represented by the CNV distribution. The differences between patients and even the tumor cells were observed as highly heterogeneous (54). Our results supported these findings, as only a relatively low number of genes was mutated in our cohort while CNV distribution affected more genes, and the range was higher. Although only 10% of affected genes by CNV had an impact on expression deregulation, it was the major source of gene deregulation in our set. The well-known gains and losses occurring in the CRC progression, specifically on chromosomes 8, 13, 20, and chromosomes 4 or 18, respectively (55) were also observed in our cohort.

Another gene expression deregulation source are small non-coding RNAs, such as miRNAs. In this study, among the up-regulated top miRNAs were hsa-miR-135b-3p and -5p, and the hsa-miR-200-family. Among the top down-regulated was hsa-miR-548-family. Serum hsa-miR-135b (56) and has-miR-200c (57) levels were already considered as diagnostic (56) or prognostic and metastasis-predictive (57) biomarkers in patients with CRC. High serum miR-200c demonstrated a significant positive correlation with lymph node metastasis, distant metastasis, and prognosis (57). Regarding the has-miR-548-family, has-miR-548b was already found to be down-regulated in CRC patients as well as in CRC cells and even lower in advanced stages. The overexpression of miR-548b suppressed cells’ proliferation and induced apoptosis. Our observation means that the downregulation of miR-548b may lead to uncontrolled cell division. Besides, WNT2 was predicted to be the downstream gene binding miR-548b (58). Almost all CRC cases demonstrated hyperactivation of the WNT pathway, which is considered to be the initiating and driving event of CRC (59).

When the intersection of all our data is considered, the combined data from CNV analysis, DNA methylation profiles, and mRNA sequencing led to identifying the IPO5 gene. Several sources upregulated the IPO5 gene: in 75% of our samples, the gain in this gene was observed and concurrently was significantly hypomethylated. On the other hand, miRNAs targeting IPO5 were upregulated as well. We hypothesize that the upregulation of targeting miRNAs might be driven by counter-regulation to reduce the impact of the IPO5 upregulation to establish a balanced state. The IPO5 gene belongs to the Karyopherins family, which are crucial regulatory molecules of nuclear plasma transport and represent the most classic cellular transporter proteins, including both importins and exportins (60, 61). Transport proteins with a molecular weight greater than 40 kDa help to transport molecules between the cytoplasm and the nucleus through the nuclear pore complex, such as transcription factors, splicing factors, and other proteins (62, 63). Therefore, karyopherin dysfunction can lead to altered transport activity and cause abnormal localization of oncogenic factors, consequently leading to tumorigenesis (64). Recently, Zhang et al. (65) noticed that the expression of the IPO5 gene was gradually growing with the increasing CRC stage. In addition, the high IPO5 expression, especially in CRC cells, was also confirmed in the TCGA database and Oncomine database in their study. Besides, the functional assays revealed that IPO5 promoted CRC growth in vitro and in vivo through the RASAL2 nuclear translocation, followed by the activation of the RAS signaling pathway. Inhibition of the nuclear transport system, therefore, has future potential for therapeutic intervention and could contribute to the elucidation of disease mechanisms. IPO5 gene also seems to play an important role in the metastatic process via matrix metalloproteinase 7 (MMP7) regulation (66) and EMT induction (67). Furthermore, IPO5 expression may affect the tumor immune microenvironment and mediate tumor immune response (68). The commensal microbiota has already been shown to influence immunity as well as tissue development. In the context of cancer, commensal bacteria have been shown to play a key role in modulating tumor microenvironment, which drives cancer therapy responses (69). Therefore, direct inhibition of IPO5 function may uncover a promising targeted therapeutic strategy for CRCLM.

On the other hand, as one miRNA can regulate several genes, and conversely, multiple miRNAs can regulate one gene, we were also interested in intersection regardless of miRNA expression levels. This combined analysis resulted in 107 deregulated genes. GSEA on Reactome and KEGG terms revealed significant terms related to relaxin, estrogen, PI3K-Akt, WNT signaling pathways, and intracellular second messenger signaling. All these pathways were assigned to the CRC evolution and thus made our results valid even if they were obtained from a smaller number of patients.

The occurrence of CRCLM, such as SmCRC vs. MmCRC detection, was mainly investigated and reported in the surgical case series (21, 70, 71). The gene expression and molecular patterns of SmCRC and MmCRC are considered different. Synchronous liver metastases are similar to local invasion and are more inclined to become a disseminated disease (72). One of our main aims was the comparison of the molecular characteristics of these two groups. MmCRC patients evinced higher TMB, a wider median of duplications and deletions, as well as heterogeneous mutational signatures in our set of patients. We thus hypothesize that these differences could be explained as a consequence of the adaptation of resistant clones to escape previously applied chemotherapy in MmCRC patients. Similarly, higher TMB in MmCRC patients could be related to better immunosurveillance and thus delayed relapse (compared to SmCRC), as higher TMB is associated with higher tumor immunogenicity (73). However, given the small number of patients in each group, it is necessary to take this result with caution.

Further, in terms of chronicity, we observed a significant down-regulation of SMOC2 and PPP1R9A genes in SmCRC patients compared to MmCRC. SMOC2 is an extracellular glycoprotein involved in a broad spectrum of cellular processes, including cell cycle, cell attachment and migration, angiogenesis, and others (74). It has a suppressive role in tumor growth, migration, colon and sphere formation role in CRC cells and could be considered a tumor suppressor in CRC progression (74). PPP1R9A gene codes a protein Neurabin-1 (75), which binds to protein phosphatase 1 (PP1) and inhibits its activity (76). Neurabins are highly concentrated in dendritic spines, and post-synaptic densities and their function is to regulate synaptic transmission in mammalian neurons (77). Despite there are no reports on the role of Neurabin-1 in carcinogenesis, the loss of Neurabin-2 (also known as Spinophilin or PPP1R9B), which has 80% homology in its sequence and similar biological functions to Neurabin-1, was associated with more aggressive histological phenotype, faster relapse, poor survival, and a low response to fluoropyrimidine-based chemotherapy in CRC (78, 79). Interestingly, the loss of Neurabin-2 is associated with an increase in the stemness properties (80) which may facilitate the spread to the liver. Given these circumstances, it could be hypothesized that the down-regulation of both SMOC2 and PPP1R9A genes might be associated with rapid CRCLM formation in patients with SmCRC. Further research is warranted to evaluate the potential value of these genes as predictors of prognosis and risk of CRCLM formation in CRC patients.

Only two miRNAs were deregulated between SmCRC and MmCRC, hsa-miR-625-3p and has-miR-1269-3p. Interestingly, hsa-miR-625-3p induced oxaliplatin resistance by abrogating MAP2K6-p38-regulated apoptosis and cell cycle control networks (81). Bu et al. (82) observed that in stage II CRC patients, miR-1269a expression in their surgically removed primary tumors was strongly associated with the risk of CRC relapse and metastasis. The authors hypothesized that miR-1269a was a potential marker to contribute to adjuvant chemotherapy decisions for CRC patients and a potential therapeutic target to deter metastasis. The fact that we found these two miRNAs deregulated right between the SmCRC and MmCRC patients where the MmCRC patients had already undergone both surgical and adjuvant treatment strengthens our results considerably.

In summary, we have identified genes and pathways that may be considered actionable targets in CRCLMs (e.g. IPO5 gene, hsa-miR-135b-3p and -5p, the hsa-miR-200-family, and hsa-miR-548-family, WNT and PI3K-Akt signaling). The data presented here also provide a valuable resource for understanding molecular distinctions between SmCRC and MmCRC, and have the potential to enhance the diagnosis, prognostication and management of CRCLMs by a molecularly targeted approach. The strength of this study lies in the sizeable high-throughput analysis, including the non-trial patients reflecting real-world patients. On the other hand, we are aware of certain limitations of our study, such as the lack of primary tumors due to the prospective design. However, the intersection between our and validation sets confirmed the validity of our results.

Detailed molecular analysis of mechanisms that mediate metastatic expansion to the liver will contribute to early detection and prevention. Future research should focus on elucidating the origin of CRCLM based on the molecular mechanisms and clinical characteristics – this elucidation could thus guide clinical precision treatment. Targeted treatments to specific regulatory molecules, such as IPO5, make personalized cancer therapy possible. Many oncogenic cellular processes can intervene effectively, which is the promise of accuracy in eradicating cancer and better patient care. Defining high-risk factors for developing CRCLM, stratification of high-risk individuals and minimization of the controllable risk factors are essential to prevent CRCLM and further reduce CRC mortality.
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Supplementary Figure 1 | Descriptive mutational analysis (A) The distribution of genetic variation in percent according to the putative effect across all samples. Each column represents a patient. (B) The distribution of genetic variation in percent according to the single nucleotide variation effect across all samples. Each column represents a patient. (C) The distribution of genetic variation in percent according to PolyPhen2 across all samples. Each column represents a patient. (D) The distribution of genetic variation in percent across all samples after stratification for chromosome localizations. Each column represents a patient.

Supplementary Figure 2 | Descriptive mutational analysis between SmCRC and MmCRC patients (A) The distribution of genetic variation in percent according to the putative effect between SmCRC and MmCRC patients. Each column represents a group either of SMCRC or MmCRC group of patients. (B) The distribution of genetic variation in percent according to the single nucleotide variation effect between SmCRC and MmCRC patients. Each column represents either of SMCRC or MmCRC group of patients. (C) The distribution of genetic variation in percent according to PolyPhen2 between SmCRC and MmCRC patients. Each column represents either of SMCRC or MmCRC group of patients. (D) The distribution of genetic variation in percent between SmCRC and MmCRC patients after stratification for chromosome localizations. Each column represents either of SMCRC or MmCRC group of patients.

Supplementary Figure 3 | Mutational signatures (A) Mutational signature analysis in all samples. Each row is represented by a patient. (B) The distribution of mutational signatures in percent across all samples. Each column represents a patient.

Supplementary Figure 4 | Densities of structural variants (A) The density of genomic sizes of structural variants in all patients. (B) The density of genomic sizes of structural variants in SmCRC patients. (C) The density of genomic sizes of structural variants in MmCRC patients.

Supplementary Figure 5 | Genomic distribution of differentially methylated regions (A) The principal component analysis among metastasis (M) and adjacent liver tissue (H). (B) The Circos-Manhattan plot shows the CpG sites differentially methylated in CRCLM tissue compared to adjacent liver tissue, the x-axis shows the location in genome, and y-axis is -log(p-value). (C) The distribution of differentially methylated CpG sites in percent in relation to the position in gene. Profile of all sites, significantly hypermethylated and significantly hypomethylated, is shown. (D) The distribution of differentially methylated CpG sites in percent in relation to the CpG island position. Profile of all sites, significantly hypermethylated and significantly hypomethylated, is shown.

Supplementary Figure 6 | Functional pathway enrichment analysis in KEGG (A) Emapplot of the gene set enrichment analysis (GSEA) of the significantly deregulated pathways in the Reactome terms (adj. p-value < 0.05, all 27 terms), (B) The overrepresentation analysis (ORA) of significantly up-regulated genes (adj. p-value < 0.05; all 15 terms), (C) The overrepresentation analysis (ORA) of significantly down-regulated genes (adj. p-value < 0.05; all 17 terms).

Supplementary Figure 7 | Descriptives of miRNAs based results and KEGG based enrichments (A) The alignment of miRNA and other small non-coding RNAs (sncRNAs) sequences for each patient. Each column represents metastasis (M) and adjacent liver tissue (H), and the y-axis represents the number of reads to the sncRNAs groups. (B) The KEGG enrichment analysis of the top 10 differentially up-regulated miRNAs. (C) The KEGG enrichment analysis of the top 10 differentially down-regulated miRNAs.

Supplementary Figure 8 | The Reactome IPO5 gene interaction Emapplot of the overrepresentation analysis (ORA) of the interacted pathways in the Reactome terms for IPO5 gene extracted from DepMap (adj. p-value < 0.05, top 50 terms).
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Introduction

Colorectal cancer (CRC) is one of the most common types of cancer worldwide. The carcinogenesis of CRC is indeed complex, and there are many different mechanisms and pathways that contribute to the development of malignancy and the progression from primary to metastatic tumors. The OCT4A, encoded by the POU5F1 gene, is a transcription factor responsible for the phenotype of stem cells, maintaining pluripotency and regulation of differentiation. The POU5F1 gene is made up of five exons that can create numerous isoforms through alternative promoter or alternative splicing. In addition to OCT4A, other isoforms called OCT4B are also translated into protein; however, their role in cells has been unclear. The aim of our work was to investigate the expression patterns of OCT4 isoforms in primary and metastatic CRC, providing us with useful information about their role in the development and progression of CRC.





Methods

Surgical specimens from a total of 78 patients were collected and isolated from primary tumors (n = 47) and metastases (n = 31). The relative gene expression of OCT4 isoforms was investigated using the RT-qPCR method together with the TaqMan probes for particular OCT4 isoforms.





Results

Our results suggest significantly downregulated expression of the OCT4A and OCT4Bs isoforms in both primary (p = 0.0002 and p < 0.0001, respectively) and metastatic tumors (p = 0.0006 and p = 0.00051, respectively) when compared with the control samples. We also observed a correlation between reduced expression of all OCT4 isoforms and both primary and left-sided tumors (p = 0.001 and p = 0.030, respectively). On the other hand, the expression of all OCT4 isoforms was significantly upregulated in metastases compared with primary tumors (p < 0.0001).





Discussion

Unlike previous reports, we found out that the expression of OCT4A, OCT4Bs, and all OCT4 isoforms was significantly reduced in primary tumors and metastases compared with control samples. On the other hand, we supposed that the expression rate of all OCT4 isoforms may be related to the cancer type and side, as well as to liver metastases. However, further studies are required to investigate the detailed expression patterns and significance of individual OCT4 isoforms in carcinogenesis.
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1 Introduction

Colorectal cancer (CRC) is one of the most common types of cancer worldwide. The global statistics from 2020 show that colorectal cancer creates 10% of all newly diagnosed cases, which means that after breast and lung cancer, it is the third most common type (1). Regardless of the enormous interest in CRC research, the annual incidence and number of CRC-related deaths have been increasing worldwide. The incidence of CRC is higher in developed countries due to unhealthy lifestyle including high consumption of red meat and alcohol, smoking, sedentary lifestyle, and inflammatory bowel diseases (2–4).

The octamer binding transcription factor 4 (OCT4) isoforms are encoded by the POU5F1 gene which is located at the short arm of chromosome 6 (5). Proteins from the POU protein family contain the so-called POU domains which allow them to bind to DNA and influence the gene expression, as well as interact with other transcription factors and cofactors. The POU domain recognizes and binds to the octamer consensus DNA sequence ATGCAAT, and in this way, the OCT4 can regulate gene expression, making it the main regulator of maintaining pluripotency and self-renewal of the stem cells (6–8). The human OCT4 gene can, through alternative transcription initiation or alternative splicing, create numerous different isoforms. These isoforms differ not only in nucleotide sequence but also in subcellular localization and properties. At the RNA level, OCT4 creates four groups of variants, namely, OCT4A, OCT4B, OCT4C, and OCT4D, and each of them uses a unique transcription start site. Furthermore, the mechanism of alternative splicing is responsible for the emergence of other OCT4B and OCT4C isoforms (9, 10). The discovery of individual transcripts and isoforms was gradual, and to date, overall, 10 OCT4 transcripts have been identified (9, 11–16). Not all transcripts have been identified also at the protein level, and there are only assumptions that the length of the protein product would be 164 amino acids (16). On the other hand, there is unequivocal evidence that the OCT4A and OCT4B variants generate distinct protein products that differ in their properties. The OCT4A isoform encodes the longest protein composed of 360 amino acids, which fulfills the role of the transcription factor. In contrast, the OCT4B transcript may be through the mechanism of alternative translation translated into three different proteins with lengths of 265, 190, and 164 amino acids (17). OCT4B proteins differ from OCT4A in DNA-binding properties; as a consequence of the inability of OCT4B proteins to regulate gene expression, their role in the cell remains unknown (18).

The OCT4A is the most known isoform, and its correct and precise expression is necessary for the regulation of the expression of further genes, as well as for the repression of genes involved in differentiation (18). The OCT4A protein plays a pivotal role in pluripotency and its expression was confirmed in embryonic stem (ES) and embryonic cancer (EC) cells, tumor cells, and cell lines (19, 20), but its presence has not yet been detected in non-pluripotent cell types (11, 18). The definite role of OCT4A in pluripotent cells was clarified by Takahashi and Yamanaka who proved that OCT4 is one of the four transcription factors needed for the reprogramming of somatic cells to pluripotent cells (12, 13, 21). In contrast to OCT4A, which is located exclusively in the nucleus, the OCT4B isoform is diffusely localized in both the cytoplasm and nucleus (17, 22). Atlasi et al. demonstrated that OCT4B is expressed in almost all cell types tested, including ES, EC, and somatic cell types (12). Interestingly, another identified OCT4B isoform, called OCT4B1, has properties and expression patterns more similar to the OCT4A than to the OCT4B isoform.

The role of POU5F1, especially the OCT4A isoform in stem cells, emphasizes its potential role in carcinogenesis. The so-called theory of stem cells in carcinogenesis claims that cancer stem cells are capable of inducing tumorigenesis and tumor growth due to their self-renewal ability, as well as giving rise to additional progenitor cells (23). Due to the great diversity of OCT4 isoforms, little is known about their expression patterns and role in primary and metastatic colorectal cancer. In our study, we focused on determining the expression patterns of OCT4A, OCT4Bs, and all OCT4 isoforms in primary and metastatic colorectal cancer, as well as the correlation between their expression and clinical parameters.




2 Methods



2.1 Clinical tissue samples

In total, 78 CRC patients were registered and underwent CRC resection. Primary tumor samples as well as metastatic samples were collected in collaboration with the University Hospital Martin, the Clinic of General, Visceral and Transplant Surgery, and the Department of Pathological Anatomy (Martin, Slovakia). Control, adjacent non-tumorous samples were obtained from patients with primary tumor (n = 30). The inclusion criteria were confirmation of diagnosis by histopathological examination, TNM classification, and clinical stages I, II, and III for primary tumor samples (n = 47) and confirmation of diagnosis by histopathological examination, TNM classification, and clinical stage IV for samples of liver metastases (n = 31). The pathologist also decided to take a non-cancer control sample from the adjacent tissue as far as possible from the tumor. The exclusion criteria were age less than 40 years or the simultaneous presence of other cancer types or liver metastasis of unknown origin. The histopathological assessment such as staging, grading, and typing of tumors was done by experienced pathologists (MK and JM). The clinicopathological characteristics of the patients included in the study are listed in Table 1. Tumor surgical specimens were collected by the pathologists and on the same day embedded into a solution of Dulbecco’s modified Eagle’s medium (DMEM), fetal bovine serum (10%), and penicillin/streptomycin and stored at 4°C. Immediately, the samples were frozen in RNAlater and then transferred to the Department of Molecular Biology and Genomics for RNA isolation.


Table 1 | Clinicopathological characteristics of the patients included in the study.






2.2 RNA purification and cDNA preparation

Total RNA was purified using the RNeasy Mini Kit (Qiagen, Hilden, Germany) according to the manufacturer’s instructions, treated with DNase, and stored at −80°C. Total RNA was quantified using the Qubit 3.0 Fluorometer (Thermo Fisher, MA, USA), and RNA quality assessment was performed on Agilent Bioanalyzer 2100 (Agilent Technologies, Santa Clara, USA). Reverse transcription was performed for each sample using a High-Capacity cDNA Reverse Transcription Kit with RNase inhibitor (Thermo Fisher, MA, USA) according to the manufacturer’s instructions in a total volume of 20 µl consisting of 2 µl of 10× RT buffer, 0.8 µl of 2× dNTP mix (100 mM), 2 µl of 10× RT random primers, 1 µl of MultiScribe™ Reverse Transcriptase, 1 µl of RNase inhibitor, 3.2 µl of nuclease-free water, and 10 µl of RNA diluted in nuclease-free water to an overall concentration of 500 ng/µl. Reverse transcription was performed using the Bio-Rad MJ Mini Personal Thermal Cycler (Bio-Rad, Hercules, CA, USA), and the thermal conditions were as follows: 25°C for 10 min, followed by 37°C for 120 min and 85°C for 5 min. The prepared cDNA was stored at −20°C.




2.3 Relative quantification of the gene expression

For the RT-PCR analysis, 10 µl of Gene Expression Master Mix was mixed with 1 µl of POU5F1 TaqMan assay, 1 µl of GAPDH TaqMan assay, and 1 µl of cDNA. The total volume of 20 µl per reaction was supplemented with nuclease-free water. Expression analysis was performed by real-time quantitative PCR (qPCR) using LightCycler ABI 3500 (Applied Biosystems, Foster City, CA, USA), TaqMan Gene Expression Master Mix, and several TaqMan assays (Thermo Fisher, MA, USA) for specific OCT4 isoforms and endogenous control. We determined the expression of the OCT4A isoform, OCT4B isoforms, and all OCT4 isoforms together using three different TaqMan assays (FAM-MGB) (assay ID Hs01654807_s1, Hs04195369_s1, and Hs04260367_gH, respectively). Individual assays were chosen based on genomic map analysis (Supplementary Figure 1) according to the manufacturer, as well as based on the relevant literature. The chosen assays have already been validated and used in several articles, for instance, Hs04260367_gH (24, 25), Hs01654807_s1 (26, 27), and Hs04195369_s1 (28, 29). The assay used for the detection of the OCT4A isoform did not recognize other OCT4 isoforms due to its exon 1 specificity. The same principle was used in the experiment with assay specific for almost all OCT4B isoforms. Some of the OCT4B and OCT4A isoforms were not recognized by this assay due to the absence of a certain exon. The last assay was used to determine all OCT4 isoforms that share the same last exon (Supplementary Figure 1). Glyceraldehyde-3-phosphate dehydrogenase (GAPDH) was used as an endogenous control, and its expression was determined by TaqMan assay (VIC-MGB, assay ID Hs99999905_m1), too. As a reference sample, we used the Total Human RNA Control (Thermo Fisher, MA, USA; Cat. number 4307281) which was also reverse-transcribed into cDNA. The thermal conditions of the reactions were as follows: 50°C for 2 min, 95°C for 10 min, followed by 40 cycles at 95°C for 15 s and 60°C for 60 s. All reactions were performed in duplicate. Contamination was controlled by using a no-template control without adding cDNA as a template molecule. The relative quantification of OCT4 isoform expression in the primary and metastatic tumor samples but also in adjacent non-tumorous tissue was performed by the ΔΔCt method (30). We calculated the relative expression of OCT4A, OCT4B, and all OCT4 isoforms against the GAPDH expression separately and obtained a fold-change value (log2FC). For statistical analysis, log2(FC) values were used.




2.4 Statistical analysis

Data were explored and analyzed in collaboration with the Biomedical Centre Martin in R ver. 4.0.5, with the aid of different libraries (31–41). Data were summarized as the mean, SD, min, quartiles, and max. Boxplot overlaid with a swarm plot and quantile–quantile plot with the 95% confidence band constructed by bootstrap were used to assess the normality of data. Welch’s t-test was used to test the null hypothesis that the population mean of the log2(FC) is 0. The regression model was used to model the association between log2(FC) and clinical data. Using the Wilkinson–Rogers notation, the full model that we used can be written as log2FC ~ type + side + T + N + M + stage, where type is a factor with levels p (for primary tumor) and t (for metastasis); side is a 0/1 factor where the left side is coded as 1; T, N, and M are the factors, describing the amount and spread of cancer; and stage is the pathological stage. The Akaike information criterion (AIC) was used for model selection. The model selected by the AIC was subjected to standard diagnostic analyses. Adjusted R2 was used to measure the effect size. Marginal means and post hoc pairwise comparisons were performed where the AIC-selected model contained other predictors aside from the intercept. The post hoc p-values were adjusted by the Tukey method.




2.5 TCGA data

The STAR-processed RNA sequencing level 1 data were downloaded from the GDC Portal of the NIH National Cancer Institute. Files were generated within the projects TCGA-COAD, TCGA-READ, CPTAC-2, and HCMI-CMDC. The set contained tsv files of 737 samples from 616 individuals, of which 615 were tumor samples, 45 were labeled as normal tissue, and 11 were labeled as metastases. Sixty-six samples with no information of their origin were omitted from further analysis. Given that all files were open access level 1 data, no preprocessing was carried out.





3 Results

In our study, we focused on determining the expression of different OCT4 isoforms in primary and metastatic colorectal cancer samples. We investigated the expression of the OCT4A isoform, OCT4B isoforms, and all OCT4 isoforms together, as well as the relationship between isoform expression in certain sample types and clinical data. A total of 78 cancer samples (47 primary cancer samples and 31 liver metastases samples) were analyzed in duplicates for each isoform (A, B, and all isoforms). Control samples (n = 30) represented adjacent non-tumor tissues of the intestinal epithelium.



3.1 Relative quantification of the gene expression

Fold-change values were calculated based on qPCR results for individual isoforms in specific sample types. At first, we compared the expression of the OCT4 isoform in all obtained tumor samples (primary + metastatic) vs. control (adjacent non-tumor tissue). The expression of all tested isoforms (namely, OCT4A, OCT4B, and all OCT4 isoforms) was significantly downregulated in tumor tissues compared with controls. The log2(FC) values for the OCT4A and OCT4B isoforms were −1.25 and −1.53, respectively, which refers to significantly reduced expression in tumor samples compared with controls (p < 0.0001 and p < 0.0001, respectively). In the case of all OCT4 isoforms, the log2(FC) was −1.03 and the expression was lower in tumors compared with control samples (p < 0.0001) (Figure 1). All data are listed in Supplementary Table 1.




Figure 1 | Expression of OCT4A, OCT4B, and all OCT4 isoforms in tumor samples (primary + metastatic) compared with control samples. On the y-axis, we see log2(FC) values for OCT4A (−1.25), OCT4B isoforms (−1.53), and all OCT4 isoforms (−1.03), which means a significantly reduced expression of all mentioned isoforms in primary tumors compared with control.



After getting these results, we tried to determine whether the primary or metastatic samples were responsible for such reduced expression of individual isoforms in tumor samples or if it was a result of a mutual effect. Thus, subsequently, we determined the changes in the expression in primary and metastatic tumors compared with the control separately. In primary tumors, we also observed significantly reduced expression of all tested isoforms. For the OCT4A isoform, the log2(FC) value was −1.08, referring to reduced expression in primary tumors compared with control samples (p = 0.0002). The expression of OCT4B isoforms was the lowest in primary tumors, and compared with the control samples, the log2(FC) value was −1.69 (p < 0.0001). Furthermore, we obtained statistically significant results also for the remaining isoforms. For all OCT4 isoforms, the log2(FC) value was −1.55, which means decreased expression in primary tumors compared with controls (p < 0.0001) (Figure 2).




Figure 2 | Expression of OCT4A, OCT4B, and all OCT4 isoforms in primary tumors compared with control samples. In the artwork, we can see the significantly downregulated expression of all tested isoforms in primary tumors compared with control samples. The log2(FC) values are −1.08 for OCT4A, −1.69 for OCT4B, and −1.55 for all OCT isoforms.



Similar results were also obtained in metastatic samples; in other words, the expression of OCT4A and OCT4B isoforms was significantly downregulated in tumor samples compared with controls. Both the OCT4A and OCT4B isoforms had statistically significant results. The expression of OCT4A was reduced (log2(FC) = −1.53) in liver metastasis compared with control tissues (p = 0.0006). For OCT4B, the log2(FC) value was −1.35, indicating a lower expression in metastasis (p = 0.00051). On the other hand, although the log2(FC) for all OCT4 isoforms was −0.2 and indicated reduced expression in metastases compared with controls, this difference was not enough to be statistically significant (p = 0.5) (Figure 3).




Figure 3 | Expression of OCT4A, OCT4B, and all OCT4 isoforms in metastases compared with control samples. When comparing metastases with controls, a significantly reduced expression was observed for only OCT4A (log2(FC) = −1.53) and OCT4B isoforms (log2(FC) = −1.35). For all OCT4 isoforms, the log2(FC) value was the lowest (−0.2) and without statistical significance.



After that, we did an expression comparison in primary and metastatic tumors. Surprisingly, the expression of OCT4A and OCT4B was not significantly different in metastases and primary tumors, and log2(FC) −0.44 and 0.34 did not show statistically significant results (p = 0.27 and p = 0.33, respectively). Nonetheless, the expression of OCT4A was lower in metastases compared with primary tumors. On the contrary, OCT4B isoforms were overexpressed in liver metastases. We obtained the only statistically significant result in the case of all OCT4 isoforms which were significantly overexpressed in metastases compared with primary tumors (log2(FC) = 1.357; p < 0.0001) (Figure 4).




Figure 4 | Expression of OCT4A, OCT4B, and all OCT4 isoforms in metastases compared with primary tumor samples. Comparison of the expression in metastases and primary tumors proved only one statistically significant result, which showed us that the expression of all OCT4 isoforms is significantly upregulated in metastasis (log2(FC) = 1.357). For the OCT4A and OCT4B isoforms, there were slight downregulation and upregulation (log2(FC) = −0.44 and 0.34, respectively).



So, in the case of OCT4A, the most downregulated expression was observed in metastatic tumors. Regarding the OCT4B isoforms, the most downregulated expression was also detected in metastases, too. In the case of all OCT4 isoforms, when comparing metastases and primary tumors, the expression was significantly upregulated in metastatic samples. Data are available on data-mendeley.com/datasets (42).




3.2 Regression analysis

We further evaluated the relationship between the isoform expression and several clinical parameters, for instance, cancer type, tumor side, clinical, and TNM stage. Comparison of the tumor samples (primary + metastatic) with the control showed a correlation between significantly downregulated expression of all OCT4 isoforms and primary tumors (p = 0.001). Regression analysis also revealed the relationship between significantly reduced expression of all OCT4 isoforms and left-sided tumors (p = 0.030). Other correlations regarding the expression of certain isoforms and the type or side of tumors were not observed.




3.3 TCGA results

We have downloaded the STAR-processed RNA sequencing level 1 data of 671 samples (colorectal tumors: n = 615, metastases: n = 11, unpaired samples from normal tissue: n = 45) from the Cancer Genome Atlas Consortium Portal and used them to extract transcripts per kilobase million (TPM) counts for POU5F1 (Ensemble ID ENSG00000204531.20). POU class 5 homeobox 1 has seven splice variants, which unfortunately are not discriminated by level 1 data. The level of gene expression in normal, tumor, and metastatic tissues is summarized in Supplementary Table 3 and Supplementary Figure 2. The TCGA results (Supplementary Table 3) indicate a rise in the expression of the POU5F1 gene from non-tumor samples to primary tumors and subsequently to metastases, although without statistical significance. Given the low number of observations for two out of three groups and the skewness toward higher TPM values, it is inconclusive at any significance level to say that there is an increased expression from normal to primary tumors and to metastases, although there might be some trend in this direction. Welch’s t-test was used for pairwise testing of the null hypothesis that the population means of TPM in the normal, tumor, and metastatic groups are the same. Contrary to our previous expectations, in no tested combination did we reach the statistical significance at the level of <0.05 (normal vs. tumor: p = 0.17; normal vs. metastatic: p = 0.05, tumor vs. metastatic tissue: p = 0.06), probably owing to the high number of outliers.





4 Discussion

It is well known that the OCT4A isoform is expressed in numerous cell types including ES, EC, and cancer cell lines. Based on very little evidence about its expression in adult tissues (12, 43) and the study of Feldman et al., who found out that OCT4A transcription is turned off during gastrulation due to its promoter and enhancer methylation (44), it was generally thought that OCT4A is not expressed in adult somatic tissues. The OCT4A was shown to be an irreplaceable factor for stem-like cell phenotype, maintaining pluripotency and self-renewal of the stem cells and also for precise embryonic development, making it one of the most popular transcription factors ever (45–48). At present, a large number of articles demonstrate the presence of OCT4A in cancer stem cells (CSCs), and it is thought that OCT4A is responsible for stem-like cell properties of the cancer cells such as self-renewal, resistance, and the possibility to give rise to progenitor cells as well as epithelial–mesenchymal transition (19, 49). These assumptions make it a suitable target for treatment (50). In the past, it was proven that downregulation of OCT4 expression resulted in inhibited tumorigenesis, reduced drug resistance, and induced G2/M phase arrest (51). Furthermore, OCT4 appears to play a role in the angiogenesis and conversion of human fibroblasts to functional endothelial cells (52–54), and its expression was confirmed in all 13 CRC cell lines established from patients with both primary and metastatic tumors (55). Altogether, it appears that OCT4A contributes to tumor initiation, cancer growth, metastasis, and therapy resistance (56).

To date, 10 different OCT4 isoforms have been identified at the RNA level, but not all are translated into protein (15). At the protein level, we can distinguish OCT4A and OCT4B isoforms which differ in their exon composition, nucleotide sequence, cell localization, and properties (11) (Supplementary Table 2). Due to the inability to bind to DNA, the OCT4B isoform is unable to regulate gene expression, and therefore, the role of OCT4B isoforms in cells remains unknown and unclear (18). Even though there are numerous OCT4B transcripts, the existence of only three protein isoforms has been confirmed (57). OCT4B proteins have been shown to play a role in stress response in two different ways. OCT4B-190 protects cells against apoptosis after heat shock (17), and in contrast, OCT4B-265 promotes apoptosis in reaction to genotoxic stress through the p53 signaling pathway (58).

In our study, we demonstrated an expression pattern of different OCT4 isoforms in different sample types, as well as the relationship between isoform expression and several clinical parameters.

Comparing the expression of all determined isoforms (A, B, and all isoforms) in the control and tumor samples, regardless of the type, we observed significant overexpression in the control samples (Figures 1–3). Distinct results were presented by Liu et al. (59) who found out that OCT4 was overexpressed in tumor tissue compared with their matched normal counterparts of CRC. However, the authors did not distinguish primary and metastatic samples nor the expression of individual isoforms because they used primers specific for OCT4A as well as OCT4B isoforms (59). On the other hand, similar results for the expression of all OCT4 isoforms, such as reduced gene expression in tumor tissue compared with the control and regardless of the isoforms, were also obtained in breast cancer (60).Aside from the other isoforms, OCT4A also had a higher expression in the control samples. On the other hand, the most reduced expression was detected in metastases compared with control samples, and the lowest difference was observed in the comparison of primary tumors with control tissues. In earlier investigations, devoted to OCT4A expression, the authors pointed out the possible distortion of the results due to the existence of numerous OCT4 pseudogenes, so we should also consider the fact that our expression data may be influenced by pseudogenes expression (61–63). To date, eight OCT4 pseudogenes have been identified and the transcription of these pseudogenes can have a confusing effect on research and knowledge of the OCT4 gene expression (64). On the contrary, Saha et al. published results in which the expression of several OCT4 pseudogenes has the same trend compared with the OCT4 expression which indicates that pseudogene expression should not have an impact on the overall direction of expression (60). It could be precisely pseudogenes that are responsible for such high OCT4A expression, but even though our results indicate that OCT4A expression is the highest in the control samples, our raw expression data demonstrated that OCT4A expression is not as high as it can be seen in the controls (average Ct approximately 31). We also observed that the expression of OCT4A was mildly decreased in metastases compared with primary tumors. We suppose that it is related to the change in OCT4B expression. Li et al. (65) found out that OCT4B functions as a non-coding RNA, modulating OCT4A expression by competitive binding with microRNAs. This may highlight the role of OCT4B in miRNA regulation of OCT4A expression (65). Hypothetically, this could be the reason why the expression of OCT4A was reduced in primary tumors, and with the mild increase in OCT4B expression, we observed a little but statistically non-significant decrease in OCT4A expression in metastases.

We also observed significantly upregulated expression of all OCT4 isoforms in metastasis compared with primary tumors. Such increased expression may be caused by using a probe that specifically recognizes a mutual exon shared by all of the already identified OCT4 isoforms. Thus, we were probably able to detect the expression of not only the OCT4A and OCT4B isoforms but also fewer known isoforms such as OCT4C and OCT4D, whose existence at the protein level has not yet been confirmed (15, 16). Several research groups have published results that emphasize the role of OCT4 in the aggressive behavior of CRC and its contribution to forming liver metastasis in CRC, especially OCT4 in the high-expression group, which is consistent with our results (66–68). Furthermore, OCT4 expression was denoted as an independent prognostic biomarker for predicting worse disease-specific survival and overall survival in CRC (69). On the other hand, the expression of all OCT4 isoforms in both primary and metastatic samples than in control samples was significantly downregulated. Similar results, such as reduced gene expression of OCT4 in tumor tissue compared with control and regardless of the isoforms, were also obtained from breast cancer (60).

For the OCT4B isoforms, there is a typical expression in various non-pluripotent cell types and differentiated tissues at different levels based on a specific isoform. There is also unequivocal evidence that OCT4A is also expressed in adult human stem cells and differentiated somatic cells, in addition to pluripotent cells, but at a much lower level (14). Surprisingly, OCT4B1 has a similar expression pattern to OCT4A (18). As a result of determining the expression of all OCT4B isoforms together, we were not able to designate which isoform had a higher expression and vice versa. In primary tumors, the expression of the OCT4B isoforms was significantly reduced compared with controls. When compared with metastases, the expression was slightly reduced but without a statistically significant result.

Although we used data from the TCGA and despite our efforts, we were not able to confirm in the TCGA dataset our findings of reduced POU5F1 gene expression in tumor samples compared with non-tumor controls at a statistically significant level. The TCGA results (Supplementary Table 3) indicate a non-significant trend of the increase of the POU5F1 expression from normal tissue to primary tumor and to metastases. Our analyses demonstrate only a significant increase in gene expression solely between the primary and metastatic samples. In contrast, we have observed a decrease in gene expression in tumor samples relative to non-tumor samples. Although it would have been ideal to have paired TCGA data, the number of non-cancerous samples available for comparison was rather limited. To avoid any contradictions in our research, we believe that it is important to conduct further validation studies with a larger sample size and better access to the TCGA data. It will also be necessary to differentiate between individual OCT4 isoforms, which were not distinguished in many previous studies, to obtain more conclusive results on the gene expression of POU5F1 and its isoforms. These efforts will provide a better understanding of the role of POU5F1 in colorectal cancer.

The role of OCT4 expression as a prognostic marker, as well as its role in metastatic CRC, has already been explored. Patients with high OCT4 expression had a poorer prognosis, making it a potential marker for the diagnosis and assessment of the prognosis of CRC. In addition, the results also indicate that OCT4 expression was correlated with clinical stage, tumor grade, metastasis, and TNM stage (69–71). In our study, we did not observe any correlation between OCT4 isoform expression and clinical or TNM tumor stage. The authors of the studies mentioned above did not recognize between individual OCT4 isoforms which may cause inconsistency in the results. Our results also suggest a correlation between reduced expression of all OCT4 isoforms and both primary and left-sided tumors. On the other hand, Talebi et al. did not observe OCT4 expression in any of the tissues tested (normal, polyp, and cancer tissue) and concluded that the diagnostic power of the OCT4 gene is not enough to identify cancer (72). Even though the exact role of OCT4B isoforms in the cell is still under investigation, several studies indicate that in some way they may contribute to the properties of cancer cells, such as invasion, having antiapoptotic properties, and resistance to chemotherapy (73, 74). In addition, Gazouli et al. confirmed the expression of the OCT4B and OCT4B1 isoforms in CRC samples and observed that the level of OCT4B1 mRNA was correlated with poorly and moderately differentiated CRC and with the progression of cancer stage (62). In our study, no correlation was detected between OCT4B expression and clinical data as well as the type or side of the tumor or TNM stage. Another research group showed that OCT4B1 has a potential role in regulating the self-renewal of colorectal CSC through its involvement in epithelial–mesenchymal transition (75). Furthermore, Simó-Riudalbas et al. demonstrated a pro-oncogenic effect of OCT4B1 through its association with protein kinases and subsequent activation of intracellular signaling events as well as cytoskeletal rearrangements (76). All these findings can signify a potential role of OCT4B, especially OCT4B1 as a marker of tumor-initiating cells or CSCs, and not only OCT4A but all OCT4 isoforms might play a significant role in carcinogenesis.

Based on previous results as well as our results, the expression level of OCT4 isoforms could be a useful tool not only for diagnosis, especially metastatic disease, but also for prognosis prediction. As the results of the TCGA analysis and our own analyses are not fully consistent, further studies will be needed to clarify these differences. Thus, these results emphasize the importance of precise characterization of individual OCT4 isoforms whether transcriptional or protein, as well as their expression patterns in colorectal cancer.




5 Conclusion

Unlike previous reports, we found out that the expression of OCT4A, OCT4Bs, and all OCT4 isoforms is significantly reduced in primary tumors and metastases compared with control samples. On the other hand, the expression of all OCT4 isoforms was significantly upregulated in metastases compared with primary tumors, which was not caused by the upregulation of the OCT4A isoform and only partially by the OCT4B isoform, emphasizing the role of less-known isoforms in metastatic CRC. Furthermore, the reduced expression of all OCT4 isoforms was correlated with primary and left-sided tumors. Based on these results, we supposed that the expression rate of all OCT4 isoforms can be related to the cancer type and side, as well as to liver metastasis. However, further studies are required to investigate the detailed expression patterns and significance of individual OCT4 isoforms in carcinogenesis.
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Introduction

Colorectal cancer (CRC) can develop through several dysregulated molecular pathways, including the serrated pathway, characterized by CpG island methylator (CIMP) phenotype. Although the tumor tissue is a commonly tested material, sample types such as stool or plasma, bring a new, non-invasive approach. Several cancer-related methylated genes have been identified in CRC patients, including gene GRIA4, showing promising diagnostic potential. The aim of our study was to develop a sensitive droplet digital PCR (ddPCR) assay to examine GRIA4 hypermethylation status in CRC patients and evaluate its diagnostic potential in tissue and liquid biopsy samples.





Methods

In total, 23 patients participated in this study, 7 patients with primary CRC and 16 patients with liver metastasis of clinically known CRC. We obtained tumor and non-tumor tissues (N=17), blood samples pre- and post-surgery (N=22), and blood of five volunteers without a personal cancer history. We have developed and optimized a ddPCR assay for GRIA4 hypermethylation detection, from tissue and plasma samples.





Results

We detected significantly increased GRIA4 methylation in tumor tissues compared to their adjacent non-tumor tissue, p<0.0001. Receiver operating characteristic (ROC) analysis defined cutoff values to separate primary tumors and metastases from non-tumor colon/rectum, specifically 36.85% for primary tumors and 34.81% for metastases. All primary tumors were above this threshold. When comparing the methylation levels of metastatic vs. non-tumor tissue, a smaller increase was observed in liver metastasis versus colon tissue (3.6× gain; p=0.001), then in liver metastasis versus adjacent liver tissue (17.4× gain; p<0.0001). On average, GRIA4 hypermethylation in primary tumor plasma was 2.8-fold higher (p=0.39), and in metastatic plasma, 16.4-fold higher (p=0.0011) compared to healthy individuals. Hypermethylation in metastatic plasma was on average 5.9 times higher (p=0.051) than in primary tumor plasma. After tumor removal surgery, average hypermethylation decrease in plasma was 1.6× for primary (p=0.037) and 4.5× for metastatic patients (p=0.023).





Discussion

Based on our data, it can be inferred that GRIA4 serves as a tissue specific biomarker for the colon/rectum tissue, thus is suitable for cancer classification. This biomarker showed the potential to be an attractive target for early non-invasive detection of metastases of clinically known CRC, although additional analysis has to be performed.





Keywords: colorectal cancer, methylation, ctDNA, metastasis, liquid biopsy




1 Introduction

Colorectal cancer (CRC) is the third most prevalent cancer in men, after lung and prostate cancer, and the second most common cancer in women, after breast cancer (1). According to Globocan 2020 (2), 4,821 new cases of colorectal cancer were diagnosed in 2020 in Slovakia, which makes it the most common form of cancer in the Slovak Republic. The most common site of distant metastasis for colorectal cancer is the liver, due to the direct connection through the portal vein (3). Approximately 50% of patients with colorectal cancer develop liver metastases during the course of their disease (4).

The development of CRC can proceed through the accumulation of genetic and epigenetic changes (5). DNA methylation is the most common epigenetic modification. It ensures cell-specific gene expression for normal development, cell functioning, and tissue stability. On the other hand, in somatic cells, hypermethylation/hypomethylation within the specific promoter region can contribute to neoplastic cell transformation (6). In 1999, Toyota et al. (7) proposed the term CIMP (CpG island methylator phenotype) to describe a subset of CRCs that show extensive hypermethylation of CpG dinucleotides.

Multiple sample types can be used for the identification of epigenetic alterations in CRC patients. Although tumor tissue is the predominant choice, non-invasive approaches, such as stool or plasma sampling, are progressively being incorporated into clinical practice. Circulating tumor DNA (ctDNA) is tumor-derived DNA, present in body fluids, such as blood, stool, urine, and saliva (8, 9). It is released into the bloodstream by tumor cells undergoing apoptosis/necrosis or via active secretion (10). Due to its origin, ctDNA provides comprehensive genetic and epigenetic information about tumor, and its concentration can greatly vary, depending on tumor size and type, proliferative stage, response to the treatment, level of vascularization, etc. (11). Circulating tumor DNA can be used to monitor disease dynamics non-invasively. It has the potential to assess therapy response and efficacy (12–14) and predict and improve early relapse detection (15, 16).

A large number of cancer-related methylated genes have been identified in CRC patients, for instance, MLH1, CDKN2A, MGMT (17, 18), SFRP2 (19), Vimentin (20), BMP3 (21), Sept9 (22), NDRG4 (23), and many others, in the last few decades. Currently, a limited number of assays for non-invasive hypermethylation detection are commercially available, for example, assays for the detection of methylated Sept9 (Epi proColon®) from plasma (24), Vimentin (ColoSure™) (25), and BMP3 together with NDRG4 (Cologuard®) from fecal DNA (26). When searching for other epigenetic biomarkers, gene GRIA4 (glutamate ionotropic receptor AMPA subunit 4) has great diagnostic potential in patients with colorectal cancer, although studies on its biological properties are quite limited. It was published recently that 100% tissue and 71.3% plasma samples of metastatic CRC patients had a higher methylation profile for GRIA4 gene (27). In another study, gene GRIA4 showed hypermethylation in 99.1% of experimental tissue samples (28). The presence of methylated GRIA4 promoter was also observed in stool specimens, indicating its potential utility as a biomarker for the early detection of colorectal cancer from stool samples (29). The investigations conducted by and Sun et al. (30) and Hauptman et al. (28), both in 2019, employed the TCGA dataset to examine CRC methylation biomarkers, including hypermethylated GRIA4. Sun et al. aimed to validate a previously identified markers, while Hauptman et al. sought to identify potential CRC biomarkers from TCGA data. Among 198 genes, GRIA4 exhibited the most significant methylation difference among six selected genes. All four promoter probes of the GRIA4 gene displayed high methylation difference, with two of them present in 98.4% of the samples. Furthermore, GRIA4 was found to be downregulated in 98.1% of the samples within the TCGA dataset.

Circulating DNA can be extracted from plasma and identified using a variety of molecular techniques. Analyzing tumor material acquired by liquid biopsies necessitates very sensitive assays. Multiple ctDNA analysis platforms are currently available, but PCR-based techniques are still the backbone of all detection strategies. Droplet digital PCR (ddPCR) is a sensitive, low-cost detection method that has been commercially available since 2011 (31). This technique is suitable for targeting specific mutations/methylations/alterations on DNA fragments present at very low concentrations. However, the complexity of laboratory protocols, the constraint in the number of targets being tested, and the variability in analytical sensitivity could potentially impose limitations on the application of this technique (32). The aim of our study was to develop sensitive droplet digital assay to examine GRIA4 methylation status in CRC patients, either with a primary tumor or with metastases. The next step was to evaluate its diagnostic potential using non-invasive liquid biopsy samples.




2 Patients and methods



2.1 Patients

In total, 23 patients participated in this study (Supplementary Table S1), 7 patients with primary tumor (Supplementary Table S2) and 16 patients with liver metastasis of clinically known colorectal cancer. Tumor tissues of 17 CRC patients (5 primary and 12 metastatic) and blood samples of 22 CRC patients (6 primary and 16 metastatic) and of 5 volunteers without a personal cancer history were obtained in collaboration with Clinic of General, Visceral and Transplantation Surgery and Department of Pathology at the Jessenius Faculty of Medicine (Comenius University), University Hospital in Martin. Blood samples of patients were taken before and after surgical removal of the tumor. The histopathological diagnosis was conducted by the experienced pathologists. Histological typing, grading, localization, and staging of tumors were determined using the recommendation according to WHO and Union for International Cancer Control (UICC) (33). This study was approved by the Ethics Review Board of the Jessenius Faculty of Medicine.




2.2 DNA isolation and quantification, bisulfite conversion

Tumor and non-tumor samples were obtained after resection surgery with subsequent evaluation of the tissue by an experienced pathologist. Genomic DNA from tumor tissues was isolated with the commercial kit DNeasy Blood and Tissue (Qiagen, Hilden, Germany) according to manufacturer’s instructions. Isolated DNA was eluted into 60 μl and stored at −20°C. EpiTect Bisulfite Kit (Qiagen, Hilden, Germany) was used for bisulfite conversion of gDNA. Converted DNA was eluted into 30 μl and stored at −20°C. Blood samples were collected to ethylenediaminetetraacetic acid (EDTA) tubes and centrifuged at 2,200g for 8 min at 4°C. Plasma was pipetted into new 1.5-ml tubes and centrifuged one more time at 20,000g for 8 min at 4°C. Plasma samples were then stored at −80°C until cfDNA extraction was performed. Circulating DNA extraction from plasma samples and bisulfite conversion were performed according to the manufacturer’s instructions of Epi proColon 2.0 CE Plasma Quick Kit (Epigenomics AG, Berlin, Germany) from 3.5 ml of plasma. Bisulfite-converted DNA was then eluted into 60 μl, stored at 4°C, and used for analysis within 24 h. The rest of the eluate was stored at −20°C. For DNA quantification, Qubit dsDNA HS assay kit (Life Technologies, CA, USA) and Qubit 2.0 fluorometer were used.




2.3 Droplet digital PCR

Droplet digital PCR was performed in 20 μl ddPCR reactions, containing 10 μl Supermix for Probes (No dUTP) (Bio-Rad Laboratories, Hercules, CA, USA), 1.4 μl primers (final concentration, 225 nM) and probes (final concentration 125 nM) (Table 1), and 8.6 μl of circulating DNA or 0.6 μl of genomic DNA adjusted with water up to volume 8.6 μl. The probe complementary to the methylated sequence of the GRIA4 promoter is referred as M-Probe, and the one complementary to the unmethylated sequence is referred as U-Probe (Table 1). As controls, commercially available, fully methylated and fully unmethylated, EpiTect DNA controls (Qiagen, Hilden, Germany) and ultrapure water were used to check for template contamination. The reaction (20 μl) from the previous step was transferred to the middle rows of a DG8 (Bio-Rad Laboratories, Hercules, CA, USA) cartridge. After that, 70 μl of Droplet Generation Oil for Probes was loaded into the bottom wells of DG8. Cartridge was then placed into the QX200 droplet generator, which produces approximately 20,000 droplets per sample. Created droplet emulsion (40 μl) was then pipetted from the top wells of the cartridge into 96-well plate. The PCR plate was covered with pierceable foil and heat sealed using Bio-Rad’s PX1. It was placed in a T100 thermal cycler (Bio-Rad Laboratories, Hercules, CA, USA), and the protocol was initialized with denaturation (95°C, 10 min), following 40 cycles of denaturation (94°C, 30 s), annealing/extension (50°C–62°C during optimization, then 56°C, 1 min) and droplet stabilization (98°C, 10 min.) with ramps of 2°C/s. After PCR, the product was held at 4°C with cooling ramp set up ~1°C/s, until the next step of analysis.


Table 1 | Primer and probe sequences for GRIA4 gene.






2.4 Droplet analysis using QX200™ droplet reader and data interpretation in QuantaSoft™ software

After amplification, a 96-well plate was loaded to the QX200 Droplet Reader (Bio-Rad Laboratories, Hercules, CA, USA), where droplet analysis of each well was carried out. Each droplet was analyzed using QuantaSoft software (Bio-Rad Laboratories, Hercules, CA, USA) and divided into four clusters according to fluorescence emission analysis in HEX or FAM wavelengths. Droplets containing methylated DNA with high FAM amplitude, droplets containing unmethylated DNA with high HEX amplitude, and droplets with both types of DNA with high HEX and FAM amplitudes and empty droplets without target DNA. Data obtained from QX200 Droplet Reader were analyzed and interpreted by QuantaSoft v.1.7 Software (Bio-Rad Laboratories, Hercules, CA, USA). The correlation coefficient (R²) was calculated from serial dilutions of 100% methylated EpiTect control DNA and 100% unmethylated control DNA into water with 8,000, 4,000, 2,000, 1,000, 500, 250, 125, and 62.5 copies/per reaction as a correlation between two variables, expected number of copies and detected number of copies. Selectivity of each probe was calculated from the analysis of diluted controls in a pair with the opposite probe, more precisely a methylated control with a U-probe and an unmethylated control with an M-probe. Detected copies were divided by number of copies detected for each control in pair with the complementary probe, more precisely a methylated control with an M-probe and an unmethylated control with a U-probe. Specificity was calculated for each dilution, and the final number was an average of all values determined. Threshold values were defined during assay development and optimization processes, 1,500 for FAM and 2,500 for HEX (genomic DNA) and 1,500 for FAM and 2,700 for HEX (circulating DNA). The quantity of methylation was expressed in percentage as the ratio of methylated sequences to the sum of methylated and unmethylated sequences.




2.5 Statistical analysis

Data were explored and analyzed in R, ver. 4.0.5, with the aid of different libraries (34–48). Data and R script to reproduce the presented results are available at Mendeley data repository (49). For exploratory data analysis, data were summarized by the mean, SD, min, quartiles, and max. Spaghetti plot was used to visualize the methylation values in pairs. The boxplot overlaid with swarmplot and quantile–quantile plot with the 95% confidence band constructed by bootstrap was used to assess normality of the data. For the regression model, linear mixed model (LMM) was used to implement repeated measures ANOVA with non-constant variance, i.e., to model the association between methylation and interaction of group and specimen. Non-homogeneity was taken into account using the weights in the lme() function of nlme library. For the specimen data, the methylation was log-transformed to obtain a fit passing diagnostic analysis. In addition, one subject with extremely high methylation in plasma was excluded from the data prior to the model fitting. Effect size was quantified by the marginal and conditional R2. Marginal means were estimated given the fitted model and the grid of the factors. Contrasts, based on the a priori research questions, were specified, and the resulting p-values were adjusted using the Benjamini–Hochberg correction. The interaction plot was used to visualize the marginal means and their 95% confidence intervals. For the LMM model of methylation in plasma, the marginal means were back-transformed. Methylation in plasma before surgery for primary tumor vs. healthy controls was compared by the two-sample t-test, after assessing normality of the data by the quantile–quantile plot with the 95% confidence band constructed by bootstrap and by boxplot overlaid with swarmplot. For the case of metastasis, the methylation in plasma before surgery appeared skewed to the right; hence, the data were log-transformed prior to performing the two-sample t-test. EDA suggested that the log-transformation was appropriate. The cutoff on methylation to best separate between tumor and normal (separately in primary; in metastases) was obtained as the cutoff corresponding to the Youden index on the empirical receiver operating characteristic (ROC) curve.





3 Results



3.1 Droplet digital PCR as specific and sensitive method for detection of methylated DNA in tissue and plasma sample

Completely unmethylated and completely methylated DNA controls were tested with both probes (M-probe and U-probe) separately to identify optimal annealing temperature and temperatures when non-specific binding occurs. Within an annealing temperature range from 50.0°C to 62.0°C, the primer pair revealed clearly distinguishable fluorescence signals up to an annealing temperature of 55°C–56°C for both assays (Figure 1). The results of serial dilutions showed a linear correlation between individual dilutions, while R-squared value (R2) was 0.9979 and 0.9972 for methylated and unmethylated control, respectively (Figure 2). The selectivity for the U-probe was 0.027 (2,7% background), being able to detect 1 unmethylated molecule in the background of 37 methylated. The M-probe with selectivity of 0.003 (0.3% background) is able to detect 1 methylated in the background of 333 unmethylated targets.




Figure 1 | Temperature gradient for optimizing annealing temperature. Eight ddPCR reactions in temperature gradient ranging from 50°C to 62°C. Positive droplets at higher amplitude (blue or green) are methylated (A, B) or unmethylated (C, D). Negative droplets (gray) at low amplitude are without the amplification. Unmethylated control with M-probe (B) and methylated control with U-probe (D) were used to detect unspecific binding.






Figure 2 | The linearity of ddPCR assays for methylated GRIA4 detection and quantification. Linearity of ddPCR assay is shown using serially diluted EpiTech control DNAs (from 8,000, 4,000, 2,000, 1,000, 500, 250, 125, and 62.5 copies/per reaction, respectively).






3.2 Methylation in GRIA4 is significantly higher in tumor tissue compared to its adjacent non-tumor tissue.

Average GRIA4 methylation in primary tumors (N=5) and metastases (N=12) was 42.85% (ranging from 36.85% to 52.81%) and 51.04% (ranging from 3.73% to 81.0%) (Supplementary Table S3), respectively, showing no significant difference between these two groups (p = 0.342). Analyzing tissues of patients with primary tumor and patients with metastases separately, primary tumor tissue versus its adjacent non-tumor tissue (colon) showed three times average methylation gain in tumor tissue (Figure 3A). On the other hand, an even bigger difference was detected between metastatic tissue and its adjacent non-tumor tissue (liver) (Figure 3B), with 17.4 times hypermethylation decrease in liver. ROC analysis defined cutoff values to separate primary tumors (N=5) and metastasis (N=12) from non-tumor colon/rectum (N=5), as the colon/rectum is the tissue where tumors are derived from. Cutoff values were 36.85% for primary tumors (Figure 3C) and 34.81% for metastasis (Figure 3D). All primary tumors 5/5 (100%) were above this value; for metastases, 9/12 (75%) tissues samples had higher methylation than 34.81%.




Figure 3 | Spaghetti plots comparing tumor and non-tumor tissues of patients with primary tumor and metastasis and ROC analysis. (A) Primary tumor tissue versus adjacent non-tumor tissue (colon) (p<0.0001). (B) Metastatic tissue and its adjacent non-tumor tissue (liver) (p<0.0001). (C) Empirical ROC curve, Youden index, and cutoff for primary tumors (N=5) compared to colon non-tumor tissue (N=5). (D) Empirical ROC curve, Youden index, and cut-off for metastases (N=12) compared to colon non-tumor tissue (N=5). ****p ≤ 0.0001.






3.3 Possibility to identify the tissue of origin of metastasis according to the methylation profile

Non-tumor tissue of primary tumor patients (colon/rectum), with average methylation of 14.02% (ranging from 2.09 to 24.92) (N=5) had almost five times higher GRIA4 methylation status compared to non-tumor tissue of metastatic patients (liver), ranging from 1.44% to 4.87% (average 2.93%) (Supplementary Table S3), p= 0.012. When comparing the methylation status of metastatic tissue vs. non-tumor colon/rectum and liver, a smaller increase was observed in liver metastasis in combination with the colon tissue (3.6 times gain) than in liver metastasis in combination with adjacent liver tissue (17.4 times gain) (Figure 4). This finding indicates a stronger similarity between liver metastasis and colon/rectum, in contrast to the liver, given that the colon serves as the tissue of origin for the metastasis.




Figure 4 | Average GRIA4 methylation of metastasis and non-tumor tissue. Non-tumor tissue was either the adjacent non-tumor liver (N=12) or non-tumor colon/rectum from different set of patients (N=5).






3.4 Increased GRIA4 methylation status in patients’ plasma compared to healthy individuals’ plasma

The plasma sample of 22 patients, 6 primary tumor and 16 metastatic patients, taken before surgical removal of tumor was compared with 5 healthy volunteers’ plasma. In primary tumor plasma, methylation percentage ranged between 0.70% and 1.66% (average, 1.30%); in metastatic plasma, it was 7.69% (ranging from 0.77% to 66.75%) and in healthy volunteers (N=5), values were between 0.12% and 0.87% (average, 0.47%) (Supplementary Table S3). Both primary (Figure 5A) and metastatic plasmas (Figure 5B) showed statistically significantly different mean methylation in comparison with healthy plasma, with p=0.039 and p= 0.0011, respectively. GRIA4 hypermethylation was, on average, 2.8 and 16.4 times higher in primary tumor and metastatic plasma than in healthy individuals.




Figure 5 | Boxplots of patients’ versus healthy participants’ plasma comparison. (A) Pre-surgery plasma of patients with primary tumor vs. plasma of healthy individuals; (B) pre-surgery plasma of patients with metastasis vs. plasma of healthy individuals.






3.5 Significant reduction of GRIA4 methylation in post-surgery plasma of metastatic patients compared to pre-surgery plasma

Pre-surgery plasma samples showed GRIA4 methylation ranging from 0.70% to 2.56% (average, 1.30%) in primary tumor patients; in metastatic patients, it ranged from 0.77% to 66.75% (average, 7.69%), and when comparing these two groups, hypermethylation in metastatic plasma was, on average, 5.9 times higher (p=0.051). For post-surgery plasma, average GRIA4 methylation was 0.80% (ranging from 0.22% to 1.17%) and 1.70% (ranging from 0.28% to 10.44%) for primary and metastatic patients, respectively (Supplementary Table S3). When comparing pre- and post-surgery plasma of these two groups separately, there was an average of 1.6 times decrease in post-surgery plasma from primary tumor patients (p=0.037) (Figure 6A); on the other hand, metastatic patients’ plasma showed, even bigger, 4.5 times decrease after surgical tumor removal (p=0.023) (Figure 6B).




Figure 6 | Comparison of pre- and post-surgery plasma of primary tumor and metastatic patients. (A) Pre- and post-surgery plasma of primary tumor patients (p=0.037); (B) pre- and post-surgery plasma of metastatic patients (p=0.023). **p ≤ 0.01.







4 Discussion

In terms of incidence, colorectal cancer is the third most common cancer worldwide, the second most prevalent in women and the third in men (1, 2). CRC development proceeds through the accumulation of genetic and epigenetic changes. DNA methylation, as the most common epigenetic modification, is an early step of colorectal carcinogenesis (50). In the last few decades, a large number of cancer-related methylated genes have been identified in colorectal carcinoma patients (17–23).

In the current work, we focused on detecting hypermethylation status of gene GRIA4 in CRC patients using primary tumor/metastatic tissue and complementary pre- and post-surgical plasma samples. We have decided to choose this gene based on the previous studies, where it showed high methylation status and possible detectability from different sample types, such as plasma or stool (27–29). Droplet digital PCR method was chosen based on high sensitivity and our previous experiences with this method and circulating DNA detection (51).

Our results showed significant GRIA4 hypermethylation increase in primary tumors and liver metastases compared to their adjacent non-tumor tissues (colon, rectum, or liver). Average methylation increase was smaller in patients with primary tumor compared to metastatic patients (3× vs. 17.4× gain). Even if the metastasis is localized on the liver, it is not its tissue of origin, so we compared metastasis vs. non-tumor colon/rectum, even though the colon/rectum tissues were from other patients (P1_PT–P5_PT). A smaller gain (3.6 times) was observed between metastasis and non-tumor colon compared to metastasis and adjacent liver, indicating a higher degree of similarity between these two sample types. This similarity can be attributed to the fact that the colon is the tissue from which the metastasis originates. Additionally, in the study by Barault et al. (27), it was GRIA4 that was the most hypermethylated gene in non-tumor colon tissue compared to the other tested biomarkers, which confirms our findings that increased hypermethylation of this gene is present physiologically in the colon/rectum tissue. As methylation is highly tissue specific (52), it can be used to classify tumor subtypes, such as adrenocortical carcinoma (53), hepatocellular carcinoma (54), and cancer of unknown primary sites (55), and it can be used to identify the tissue of origin of metastasis (56). The fact that the cells at the metastatic site have similar methylation patterns suggests that they have retained some of the characteristics of the primary tumor and original tissue. It may be a useful tool to assign original site to metastasis, although additional analysis of primary tumor and metastases from same patient together with methylation status of other tissues and organs have to be performed to provide more precise data.

ROC analysis selected cutoff values to separate primary tumors and metastasis of clinically known colorectal cancer from non-tumor colon tissue. Our data suggest that all primary tumors (5/5) showed above-threshold methylation. These findings are complementary to results from previously published studies where tumors showed GRIA4 hypermethylation in all 82 tissue samples, ranging from 18% to 97% (27), or in 99.1% (28) of 115 CRC tissues.

Liquid biopsy is a non-invasive way to obtain cancer-derived genetic material for a molecular analysis and monitor relapse or therapy response (12–16). We showed that GRIA4 hypermethylation from the tumor was detectable in liquid biopsy plasma samples. Plasma of metastatic patients was, on average, 16.4 times higher than that of healthy individuals; in primary tumor patients, a 2.8 times gain was detected. Smaller difference in primary tumor patients can be due to the fact that the primary tumors came from the CRC patients with earlier stages, II (N=5) or III (N=1), and it is known that promoter hypermethylation correlates with tumor stage (57). Moreover, early tumor stages release less circulating DNA into the bloodstream (11, 51). However, in order to enhance future applications, it would be advantageous to conduct a comparative analysis between plasma and stool samples for the GRIA4 methylation detection of CRC, as stool-based tests utilizing SEPT9 methylation have demonstrated superior performance compared to plasma-based tests (58, 59). Furthermore, Vega-Benedetti and colleagues (29) proposed GRIA4 as a potential biomarker for early CRC detection specifically from stool samples. Considering these findings, a comprehensive assessment comparing the diagnostic efficacy of plasma and stool samples would be valuable for advancing the field.

Subsequently, we compared GRIA4 methylation status in plasma before and after surgical removal of primary tumor/metastasis. In both groups, a decrease in hypermethylation occurred; only three cases showed a slight increase in percentage (average, 0.25%). In the cohort of primary tumor patients, we observed a modest reduction of 1.6-fold in the GRIA4 methylation status, which may potentially be attributed to the enrollment of individuals in the initial stages of the disease. For metastatic patients, we detected a significant decrease in hypermethylation in post-surgery plasma, by 4.5 times. Although, the current sample size employed in this study is relatively limited, necessitating the acquisition of a more extensive sample cohort to substantiate the role of hypermethylated GRIA4 as a reliable biomarker for the early non-invasive detection of metastasis of clinically diagnosed cases of colorectal cancer. Additionally, it is important to note that there was substantial variability in methylation levels across the samples; therefore, it may be advantageous to explore the integration of complementary biomarkers in conjunction with GRIA4.

Significant GRIA4 methylation decrease in post-surgery plasma indicates that this biomarker holds promise as a robust candidate for simple and cost-effective CRC detection using ddPCR, a common platform in oncology labs. Although it would be beneficial to incorporate additional biomarkers, as already mentioned above, our primary objective was to identify a specific biomarker that can contribute to the development of straightforward, single-gene tests like Epi proColonTM (24) or ColoSureTM (25). Further studies on already identified biomarkers could facilitate their progressive implementation into clinical diagnostics, as seen with the SEPT9 or Vimentin genes (60–63).




5 Conclusion

This methylation-specific ddPCR assay proved to be a suitable detection method for capturing the hypermethylated GRIA4 gene from conventional tissue as well as liquid biopsy samples. Our data suggest, that this biomarker could serve as a tool to identify colorectal cancer and its metastasis from both tissue and plasma samples, furthermore, it may aid in determining the specific tissue of origin for the metastatic lesions. We observed a significant increase in GRIA4 methylation in the plasma of metastatic patients, with a remarkable 16.4-fold amplification, which nominates this gene as potential novel biomarker for an early non-invasive detection of metastasis of clinically known CRC, however, additional analysis of a larger sample cohort must be performed.
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Objective

To explore the value of testing methylated SDC2 (SDC2) in stool DNA combined with fecal immunochemical test (FIT) and serum tumor markers (TM) for the early detection of colorectal neoplasms.





Methods

A total of 533 patients, including 150 with CRC (67 with early-stage CRC), 23 with APL, 85 with non-advanced adenomas and general polyps, and 275 with benign lesions and healthy controls. SDC2 was detected by methylation-specific PCR, FIT (hemoglobin, Hb and transferrin, TF) was detected by immunoassay, and the relationships between SDC2, FIT, and clinicopathological features were analyzed. Pathological biopsy or colonoscopy were used as gold standards for diagnosis, and the diagnostic efficacy of SDC2 combined with FIT and TM in CRC and APL evaluated using receiver operating characteristic (ROC) curves.





Results

SDC2 positive rates in early-stage CRC and APL were 77.6% (38/49) and 41.2% (7/17), respectively, and combination of SDC2 with FIT increased the positive rates to 98.0% (48/49) and 82.4% (14/17). The positive rates of SDC2 combined with FIT assay in the APL and CRC groups at stages 0-IV were 82.4% (14/17), 85.7% (6/7), 100% (16/16), 100% (26/26), 97.4% (38/39), and 100% (22/22), respectively. Compared to the controls, both the CRC and APL groups showed significantly higher positive detection rates of fecal SDC2 and FIT (χ2 = 114.116, P < 0.0001 and χ2 = 85.409, P < 0.0001, respectively). Our results demonstrate a significant difference in the qualitative methods of SDC2 and FIT for the detection of colorectal neoplasms (McNemar test, P < 0.0001). ROC curve analysis revealed that the sensitivities of SDC2 and FIT, alone or in combination, for the detection of early CRC and APL were 69.9%, 86.3%, and 93.9%, respectively (all P<0.0001). When combined with CEA, the sensitivity increased to 97.3% (P<0.0001).





Conclusions

SDC2 facilitates colorectal neoplasms screening, and when combined with FIT, it enhances detection. Furthermore, the combination of SDC2 with FIT and CEA maximizes overall colorectal neoplasm detection.





Keywords: SDC2, fecal immunochemical test, colorectal neoplasms, tumor markers, combined testing




1 Introduction

Colorectal cancer (CRC) is a common malignant tumor of the digestive system and one of the most frequently occurring malignant tumors in China (1). Abnormal cells carrying mutations or methylation signals are shed into the stool and can be detected, making stool a theoretically better specimen than blood for early detection of CRC (2–4). Advanced adenoma (AA) and advanced serrated polyp (ASP) are currently considered important advanced precancerous lesions (APL) of CRC, because they increase the risk of CRC disease and death (4–9). Progression from APL to CRC is thought to occur over 5–10 years, which provides a valuable window of time for disease diagnosis and intervention (10). Current guidelines recommend CRC screening methods, such as colonoscopy and fecal occult blood test (FOBT), but colonoscopy requires specialized physicians and is somewhat invasive, making it unsuitable for large-scale population screening. Therefore, there is an urgent need for non-invasive tests to improve screening rates. The fecal immunochemical test (FIT) is non-invasive, simple, highly sensitive and is now widely used in the clinic. In recent years, fecal DNA testing has developed rapidly, and fecal DNA methylation testing has undergone numerous prospective clinical trials in China, confirming its suitability for CRC screening (11–13).Some studies have shown that the specificity of fecal SDC2 methylation (SDC2) was very high, or even > 90%, and had good diagnostic agreement with colonoscopy results, indicating that SDC2 is a suitable marker for CRC screening (11, 14–16); however, the clinical application of SDC2 remains somewhat controversial (17, 18). There have been few studies analyzing the relationships between clinicopathological features and SDC2 results. Moreover, comparisons of SDC2 testing with early screening for FIT and combined screening are infrequent. In this study, we analyzed the usefulness of fecal SDC2 in colorectal neoplasm screening by testing it in patients who underwent colonoscopy, and we combined this with clinical and pathological data. We also compared the results of SDC2 testing with the routine clinical application of FIT to investigate whether it could detect more early-stage CRC and APL. It is well-established that combining multiple markers for screening can improve tumor detection rates. For example, blood protein markers combined with DNA mutations can be used to detect various early-stage cancers (19). Considering the widespread use of serum tumor markers (TM) in clinical practice, we also investigated the efficacy of combining SDC2 and FIT with TM testing for early-stage CRC and APL detection.




2 Methods



2.1 Patients and methods

This was a retrospective case-control study. Outpatients and inpatients who underwent colonoscopy and/or pathological examination at The Sixth Affiliated Hospital of Sun Yat-sen University, Guangzhou, China, from March 2019 to September 2022 were recruited to this study. A total of 533 patients were included: 150 cases of CRC, comprising 138 with stage I–IV and 12 cases of carcinoma in situ and intramucosal CRC; 23 cases of APL, including 21 cases of AA and 2 cases of ASP; 85 with non-AA and general polyps (mainly inflammatory polyps and hyperplastic polyps); and 275 with benign lesions and healthy controls. Among patients with CRC, 67 had early-stage disease, including 12 with stage 0, 22 with stage I, and 33 with stage II; 79 had advanced CRC (stage III and IV); and 4 cases had disease of unknown stage.

All patients were first-time outpatients or inpatients who had not received relevant treatment (including drugs and surgery), and colonoscopy or pathological findings were used as the gold standards for diagnosis, with CRC diagnosed according to the Chinese Colorectal Cancer Diagnosis and Treatment Standard (20) and CRC TNM staging according to the TNM staging system for colorectal cancer in the 8th edition of the AJCC (21).

Study exclusion criteria were as follows: 1. suffering from other systemic malignancies; 2. previous history of colorectal neoplasms, or had undergone colonoscopy resection or surgical treatment of CRC; 3. had undergone comprehensive treatment for CRC; 4. no pathological or colonoscopy findings, including cases in which polyps were found but not treated; 5. patients with incomplete clinical information and unknown diagnosis, of which eight cases with neither SDC2 nor FIT findings were also excluded; 5. cases with inadequate bowel preparation (inadequate cases); or 6. gastrointestinal mesenchymal tumors and presacral tumors.

This study was approved by the Ethics Committee of The Sixth Affiliated Hospital of Sun Yat-sen University (Ethics No. 2022ZSLYEC-508).




2.2 Instruments and methods

The instructions for specific tests are provided in the attached Instructions Summary; a brief description of each test method is also provided below.

Fecal SDC2 was detected using the human SDC2 gene methylation detection kit (methylation-specific PCR (22) method) from Creative Biosciences (Guangzhou) Co., Ltd. First, samples were extracted using magnetic beads and then treated with sulfite; following which, the methylated SDC2 gene would not be transformed, while methylated SDC2 could be amplified by specific primers, with ACTB as the internal reference gene. Samples were judged to be positive when the Ct value of the ACTB gene was ≤ 36 and that for SDC2 was ≤ 38. The specific detection principles and steps, as well as influencing factors, were detailed in a previous report (14).

FIT is an immunoassay used to analyze fecal occult blood, including tests for hemoglobin (Hb) and transferrin (TF), using reagents and instruments from Keyu Biosciences (Zhuhai) Co., Ltd. The presence of two red lines on the test card (i.e., a quality control line and detection line) indicated a positive occult blood test. The sensitivity values of the Hb and TF tests were ≥ 100 ng/ml and ≥ 40 ng/ml, respectively, and the Hb and TF tests did not cross-react; positivity for either test was defined as a positive FIT result. Serum TM (included CEA, CA125, CA19-9, CA15-3, and AFP) were tested using Abbott Alinity and corresponding reagents and instruments, CEA results exceeding 5ng/ml are considered positive.

The kits used have obtained Chinese registration certificates and manufacturing licenses, and all operations are carried out in strict compliance with the operating manual. In addition, the specimens undergo indoor quality control before being tested.




2.3 Statistical analysis

IBM SPSS 26.0 statistical software was used for data analysis. Count data are expressed as frequencies and percentages, and the χ2 test was used for comparison between two groups. McNemar’s test was utilized to analyze the consistency and differences between the two qualitative diagnostic test methods. The sensitivity and specificity for qualitative results are calculated using a crosstab, while the sensitivity and specificity for quantitative results are calculated using logistic regression. The diagnostic efficacy of each diagnostic technique for CRC and APL was evaluated using receiver operating characteristic (ROC) curves. Mann-Whitney tests or t-tests were used for comparisons of quantitative data. All tests were two-sided. P < 0.05 was considered statistically significant.





3 Results



3.1 Patient characteristics

A total of 533 cases were included in the study: 173 cases of CRC and APL in the disease group, including 150 cases of CRC (67 cases of early-stage CRC) and 23 cases of APL; and 360 disease controls and healthy controls, including 85 cases of non-AA and general polyps and 275 cases of benign lesions and healthy controls.




3.2 Stool DNA test of methylated SDC2

The positive rate of fecal SDC2 in CRC was 79.3%, including 77.6% in early-stage CRC, 82.0% in advanced CRC, and 41.2% in APL, with a gradual increasing trend of positive rate with disease severity: APL < early-stage CRC < advanced CRC (Table 1).


Table 1 | Clinical data from cases and controls undergoing fecal SDC2 and FIT testing.






3.3 Consistency of fecal SDC2 with colonoscopy or pathological findings

A total of 518 cases were included in comparison of the results of SDC2 testing with those of colonoscopy or pathology findings, including 158 cases of CRC and APL. The Kappa value was 0.54 (χ2 = 153.422, P < 0.001), indicating that SDC2 was consistent with the results of colonoscopy with moderate concordance.




3.4 Comparison of fecal SDC2 with FIT

The positive rates of fecal SDC2 in the CRC plus APL group and the early-stage CRC plus APL group were 74.2% and 68.2%, respectively, while those for routine FIT were 89.8% and 86.4%, respectively (Table 1).

Conventional FIT demonstrated a higher positive detection rate for early-stage and advanced CRC and APL than fecal SDC2. In comparison to 180 healthy and disease controls, both the CRC and APL groups had significantly higher positive detection rates of fecal SDC2 and FIT (χ2 = 114.116, P < 0.0001 and χ2 = 85.409, P < 0.0001, respectively). Additionally, significant differences were observed in the positive detection rates of the early-stage CRC and APL groups (χ2 = 69.640, P < 0.0001 and χ2 = 46.462, P < 0.0001, respectively).

In comparison to the differences in positivity rates between different groups, we were curious about the consistency and differences in positivity rates between SDC2 and FIT qualitative methods in CRC and APL (methodological comparison). Using the McNemar test, our analysis revealed notable distinctions in positivity rates between the two methods (Difference: 20.13%, 95% CI: 13.91 - 26.35, P < 0.0001). We also found differences in early-stage CRC and APL groups (Difference: 21.95%, 95% CI: 14.64 - 29.26, P < 0.0001). Our results demonstrate a significant difference in the qualitative methods of SDC2 and FIT for the detection of colorectal neoplasms. Furthermore, the combination of these two methods enhances the positive detection rate.




3.5 Combined fecal SDC2 and FIT

The combined detection rates of fecal SDC2 and FIT were 95.3% (122/128) in CRC plus APL, and 93.9% (62/66) in early-stage CRC plus APL (Table 1). Compared with the individual detection methods, the combined test significantly increased the positive detection rates of early-stage CRC, advanced CRC, and APL (98.0%, 98.4%, and 82.4%, respectively), suggesting that the two methods are complementary, and can detect more patients with APL and CRC when used in combination.




3.6 Associations between fecal SDC2 and FIT results and clinicopathological findings



3.6.1 CRC histological type: adenocarcinoma versus mucinous adenocarcinoma

Adenocarcinoma accounted for the majority of CRC cases included in this study, with only a small proportion being mucinous adenocarcinoma. Both SDC2 and FIT yielded higher positivity rates in adenocarcinoma than in mucinous adenocarcinoma, but their positivity rates did not differ significantly between the two types. Additionally, the combined test improved the detection rate for the two types (Table 2; Figure 1).


Table 2 | Comparisons of fecal SDC2 and FIT positive rates with different pathological results in patients with CRC.






Figure 1 | Positive rates of fecal SDC2 and FIT for detecting colorectal cancer and advanced precancerous lesions. (A) Positive rates of SDC2 and FIT for detecting different stages of CRC. (B) Positive rates of SDC2 and FIT for detecting CRC and APL with different histology types. (C) Positive rates of SDC2 and FIT for detecting CRC with different levels of differentiation. (D) Positive rates of SDC2 and FIT for detecting CRC and APL at different lesion sites. (E) Positive rates of SDC2 and FIT for detecting CRC and APL lesions of differing maximum diameters. (F) Positive rates of SDC2 and FIT for detecting CRC with different T, N, and M stages.






3.6.2 Degree of CRC differentiation: highly and medium versus poor

The positive detection rate for fecal SDC2 or conventional FIT was low in poorly differentiated CRC, with 66.7% and 88.9%, respectively. Conversely, in medium and highly differentiated CRC, the positive detection rate for fecal SDC2 or FIT was higher, with 79.8% and 97.9%, respectively. There was no significant difference in the positivity rate of the combined SDC2 and FIT assay between medium and highly differentiated CRC compared to poorly differentiated CRC (χ2 = 4.355, P =0.168).




3.6.3 Proximal versus distal CRC

Both fecal SDC2 and FIT had higher positive rates in proximal tumors than in distal tumors. There was no significant difference in the positivity rate of the combined SDC2 and FIT assay between proximal CRC compared to distal CRC (χ2 = 0.771, P =1.000). The combined fecal SDC2 and FIT test increased the positive detection rate for both proximal and distal tumors, resulting in a 100% positive rate for proximal tumors and a 96.6% positive rate for distal tumors.




3.6.4 TNM stage

The T stage is mainly related to the depth of tumor infiltration. The positive rate of SDC2 gradually decreased as the depth of infiltration increased, from 89.3% at T0-2 to 75.9% at T3-4. Conversely, the positivity rate for FIT was higher at T3-4 (96.4%) than at T0-2 (85.7%). There was no significant difference in the positivity rate of the combined SDC2 and FIT assay between T0-2 stage compared to T3-4 stage (χ2 = 2.807, P =0.156). The combined test increases the positive detection rate for both T0-2 and T3-4 staging. The positive rates of SDC2 and FIT were higher in CRC with lymph node metastasis (N1–2) than in CRC without metastasis, suggesting that the detection rates of both SDC2 and FIT increase when lymph node metastasis is present. The combined test improved the detection rate of N stage, with the positive detection rate for CRC with lymph node metastasis reaching 98.2%. SDC2 and FIT showed higher positive rates in CRC with metastases than in those without. Specifically, when the two were tested in combination, the positivity rate for FIT was 97.7% for M0 and 100% for M1.





3.7 Diagnosis efficacy of fecal SDC2, FIT, and serum CEA, alone and in combination

1. To investigate the diagnosis efficacy of relevant indicators, samples were categorized into a disease group consisting of CRC plus APL cases and a control group consisting of non-AA and general polyps, benign lesions, and healthy controls. The analysis of SDC2’s diagnosis efficacy for CRC plus APL revealed a sensitivity of 75.3%, specificity of 81.4%, and AUC of 0.784 (Table 3; Figure 2). Conversely, the sensitivity, specificity, and AUC values for FIT in detecting CRC plus APL were 90.2%, 62.8%, and 0.765, respectively. These data demonstrate that SDC2 exhibits lower sensitivity, but higher specificity, than FIT. Combination of SDC2 with conventional FIT resulted in detection efficacy of 68.8 sensitivity, 95.0% specificity, and AUC 0.880. Further, the detection efficacy of SDC2 combined with conventional FIT and serum CEA generated sensitivity, specificity, and AUC values of 70.0%, 96.3%, and 0.905, respectively. The joint test initially employs logistic regression to build the prediction curve, followed by ROC curve analysis to estimate the area under the curve. The coefficients for the independent variables, SDC2 and FIT, are 2.81602 and 2.63004, respectively. The coefficient for the CEA dependent variable is 0.92039. Finally, the model’s coefficient for the constant term is -2.7346. Based on the above list of coefficients, logistic regression can be calculated with the equation: p = e^ (β0 + β1 * x1 + β2 * x2)/(1 + e^ (β0 + β1 * x1 + β2 * x2)), where β0, β1, and β2 correspond to the constant term, SDC2 and FIT coefficients, respectively. We have created nomographs based on logistic regression, which are visually presented for the reference of clinicians (Figure 3).


Table 3 | Efficacy of fecal SDC2, FIT, and serum CEA for CRC and APL diagnosis.






Figure 2 | Efficacy of fecal SDC2, FIT, and tumor markers for CRC and APL diagnosis.






Figure 3 | Nomogram-based prediction model for the risk of developing CRC and APL using logistic regression.



2. We then assessed the effectiveness of different tests in detecting early-stage CRC plus APL, with a control group consisting of non-AA and general polyps, benign lesions, and healthy controls. Analysis of SDC2’s efficacy in diagnostic early-stage CRC plus APL showed a sensitivity, specificity, and AUC values of 69.9%, 81.4%, and 0.756, respectively (Table 4; Figure 4). Detection efficacy for FIT in early-stage CRC plus APL revealed a sensitivity of 86.3%, a specificity of 62.8%, and the AUC of 0.745, indicating that the sensitivity of SDC2 was lower than that of FIT, but with higher specificity. Among the tumor markers, CEA showed a significant difference in the detection of early colorectal neoplasms (P = 0.0012, Table 5). The diagnostic efficacy evaluation of SDC2 combined with FIT showed a sensitivity of 60.6%, specificity of 95.0%, and AUC of 0.856. When combined with conventional FIT and serum CEA, the corresponding values were 66.2%, 96.3%, and 0.891, respectively. The coefficients for the independent variables, SDC2 and FIT, are 2.93287 and 2.6312, respectively. The coefficient for the CEA dependent variable is 0.17702. Finally, the model’s coefficient for the constant term is -2.7346. We have also created nomographs based on logistic regression, which are visually presented for the reference of clinicians (Figure 5).


Table 4 | Efficacy of fecal SDC2, FIT, and serum CEA for early-stage CRC and APL diagnosis.






Figure 4 | Efficacy of fecal SDC2, FIT, and tumor markers for early-stage CRC and APL diagnosis.




Table 5 | Efficacy of serum Tumor markers for early-stage CRC and APL diagnosis.






Figure 5 | Nomogram-based prediction model for the risk of developing early-stage CRC and APL using logistic regression.



3. Result was considered positive if any one of them has a positive result, our study found that the joint detection of SDC2 and FIT can detect more cases of colorectal neoplasms, with a combined sensitivity of 95.3%. In cases of early-stage CRC and APL, the sensitivity was 93.9%. However, the joint detection of SDC2 and FIT may result in lower specificity, leading to a higher rate of false positives (Tables 3, 4). Therefore, the diagnostic efficacy of this method may be lower than that of SDC2 alone. When combined with CEA, the sensitivity of the detection method can reach its maximum, detecting up to 97.5% of colorectal neoplasms. Specifically, this method can detect 97.3% of early-stage CRC and APL cases.





4 Discussion

CRC is among the most common malignant tumors worldwide. Early screening can help to prevent and diagnose CRC, improve patient prognosis, reduce mortality, and lower the economic burden of disease on individuals (23, 24). The main detection method used is FOBT, followed by colonoscopy. FOBT is a cheap and convenient method for detecting gastrointestinal bleeding and is the most widely used screening method (25, 26). In this study, we utilized FOBTs for FIT, which could detect both hemoglobin (Hb) and transferrin (TF) without cross-reaction. Previous studies have mainly focused on Hb testing alone, while some studies suggest that TF testing can be an effective supplement for CRC and APL diagnosis. We routinely perform both types of FOBTs to effectively screen the target population (27, 28).

SDC2 methylation in stool DNA is an effective method for early detection of CRC (14, 29, 30); however, debates regarding the clinical application of fecal SDC2 are ongoing, and it has rarely been compared or combined with FIT to validate its screening efficacy. Given the effectiveness of individual target, the main use of multi-target stool DNA (4, 12, 31) or blood methylation tests (19, 32) for combined screening of colorectal neoplasms is currently in place, but their efficacy needs to be validated in large samples.

A previous multicenter study reported good diagnostic agreement between fecal SDC2 and colonoscopy, with a Kappa value of 0.84 (11). In contrast, our findings showed that the results of stool SDC2 were moderately consistent with colonoscopy (Kappa = 0.54; P < 0.001). This could be due to a higher number of false positives in the non-CRC and non-APL group in our study (25/180), potential selection bias due to the relatively small sample size, or a high specificity due to the inclusion of a majority of members of the healthy population in our prospective multicenter study. Meanwhile, our results showed that fecal SDC2 and FIT have different advantages and disadvantages for CRC detection. Further, the positive detection rate of SDC2 in colorectal adenocarcinoma was 77.8% (70/90), while that of FIT in adenocarcinoma was 97.8% (88/90); and the positive detection rates of fecal SDC2 and FIT in poorly differentiated CRC were both low, at 66.7% and 88.9%, respectively, suggesting that for poorly differentiated CRC it is necessary to combine these methods with other approaches. Fecal SDC2 and FIT were able to detect more proximal tumors. The positivity rate for FIT was higher than that for SDC2 in both proximal and distal areas, with a positive detection rate of over 90% in both regions. The detection rate of fecal SDC2 decreased with increasing depth of tumor infiltration, from 89.3% at T0-2 to 75.9% at T3-4. Conversely, the detection rate of FIT was higher at T3-4 than at T0-2. The positive detection rates of fecal SDC2 and FIT were higher in patients with lymph node and distant metastasis than in those without metastasis. This suggests that positive fecal SDC2 and FIT results may be able to predict a poor prognosis for patients, although more evidence is needed to verify this hypothesis. Based on the relevant guidelines (5), FIT has high sensitivity for CRC diagnosis, but limited sensitivity for APL, which is also consistent with our results.

Our data show that the combination of fecal SDC2 and FIT improved the positive detection rates for early-stage and advanced CRC and APL to 98.0% (48/49), 98.4% (60/61), and 82.4% (14/17), respectively, suggesting that the two methods are complementary (Table 1). It is evident that the combined SDC2 and FIT test exhibited a higher detection rate for CRC and APL. Only 6 out of 128 colorectal neoplasms were not detected, indicating a remarkably high sensitivity. Given the widespread use of tumor markers in clinical practice, our data demonstrate a significant difference in CEA levels between early colorectal neoplasms and controls (Table 5). In relation to the combined SDC2, FIT, and CEA test showed a detection failure in only 3 cases out of a total of 120 colorectal neoplasms, thereby further enhancing the sensitivity. This result suggests that patients with colorectal neoplasms who test negative for CEA screening may benefit from detecting SDC2 and FIT, which may increase the positive detection rate. The data presented in Tables 1, 3 exhibit consistency and mutual verification. The corresponding data strongly indicate that the combination of the three tests successfully detected a maximum number of patients. The cost-effectiveness of diagnostic tests is a crucial factor to consider in clinical practice. Based on our calculations, the cost of painless colorectal microscopy and the cost of SDC2 methylation, FIT, and CEA are relatively similar (all around 1000 RMB). However, other factors such as test simplicity, patient acceptability, operability, and large-scale scalability should also be considered. Therefore, clinical practitioners should develop different screening strategies tailored to the specific needs of their patients.

According to expert consensus (33), FIT is not currently recommended as a screening modality for APL. Biomarker combinations have been shown to have better screening efficacy than individual markers, and the combined use of fecal and blood markers can improve the sensitivity for detecting colorectal neoplasms. Additionally, alterations in gut microbiology may also influence the development and progression of CRC (34).

Our study investigated the diagnostic effectiveness of combining SDC2, FIT, and CEA using two methods. First, we evaluated each indicator’s clinical significance, alone and in combination, using logistic regression and ROC curve analysis. We found that the combined detection curve had the highest AUC at 0.891 in early-stage CRC and APL, while the AUC for a single CEA indicator was only 0.628. Second, we used a simpler approach that considered any of the indicators as positive, but this led to more false positives, mainly due to FIT’s lower specificity. As a result, combining detection did not improve diagnostic efficacy and even performed worse than using SDC2 alone. Sensitivity refers to the probability of a classifier accurately predicting positive values among all positive samples. The AUC takes into account both true positive and false positive rates, making it a more comprehensive evaluation index for assessing a model’s predictive performance. However, clinicians should choose suitable methods based on their purpose and practicality when making decisions. Our test results can serve as a reference, but additional examinations such as imaging or pathology must be combined to make a comprehensive diagnosis.




5 Conclusions

Fecal SDC2 is useful for early screening of CRC and APL. Combining SDC2 with FIT (Hb and TF) can improve the positive detection rates of early and advanced CRC and APL. Additionally, combining fecal SDC2 and FIT with serum CEA has shown high detection efficacy. Using a combination of these methods could be a new approach for early screening of CRC and APL, but its effectiveness requires further validation in large sample populations.
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Background

Extracellular matrix (ECM) remodeling is one of the hallmark events in cancer and has been shown to be closely related to tumor immunity. Immunotherapy has evolved as an important tool to treat various cancers and improve patient prognosis. The positive response to immunotherapy relies on the unique interaction between cancer and the tumor microenvironment (TME). However, the relationship between ECM remodeling and clinical outcomes, immune cell infiltration, and immunotherapy in colorectal cancer (CRC) remains unknown.





Methods

We systematically evaluated 69 ECM remodeling-associated genes (EAGs) and comprehensively identified interactions between ECM remodeling and prognosis and the immune microenvironment in CRC patients. The EAG_score was used to quantify the subtype of ECM remodeling in patients. We then assessed their value in predicting prognosis and responding to treatment in CRC.





Results

After elaborating the molecular characteristics of ECM remodeling-related genes in CRC patients, a model consisting of two ECM remodeling-related genes (MEIS2, SLC2A3) was developed for predicting the prognosis of CRC patients, Receiver Operating Characteristic (ROC) and Kaplan-Meier (K-M) analysis verified its reliable predictive ability. Furthermore, we created a highly reliable nomogram to enhance the clinical feasibility of the EAG_score. Significantly differences in TME and immune function, such as macrophages and CD8+ T cells, were observed between high- and low-risk CRC patients. In addition, drug sensitivity is also strongly related to EAG_score.





Conclusion

Overall, we developed a prognostic model associated with ECM remodeling, provided meaningful clinical implications for immunotherapy, and facilitated individualized treatment for CRC patients. Further studies are needed to reveal the underlying mechanisms of ECM remodeling in CRC.





Keywords: extracellular matrix remodeling, colorectal cancer, prognosis, tumor microenvironment, immunotherapy





Introduction

CRC is one of the most common gastrointestinal tumors worldwide and the second leading cause of cancer-related deaths (1). Currently, TNM (tumor node metastasis) staging is the most commonly used clinical staging method to guide the treatment and management of CRC patients (2). Early stage I and II CRC can be cured by surgical resection, while the standard treatment for stage III CRC is surgical resection with adjuvant chemotherapy. There are several treatment options for metastatic CRC, including surgery, chemotherapy, radiotherapy, immunotherapy, and biologic-targeted therapy (3, 4). However, under the TNM staging criteria, due to the complexity of tumors, patients at the same TNM stage still show large differences in treatment outcomes and clinical prognosis. Therefore, it is important to find better classification methods for predicting prognosis and guiding treatment for CRC patients.

Extracellular matrix (ECM) is a collection secreted by cells to provide structural and biological support to surrounding cells and its major components include collagen, elastin, and polysaccharides (5, 6). The concept of ECM remodeling can be understood as a change in the physical to biochemical properties of the ECM, i.e., a change in the overall abundance, concentration, and structure of individual ECM components, thereby altering the three-dimensional spatial topology of the pericellular matrix, its biochemical and biophysical properties at the tissue level, and thus affecting the biological behavior of the cell. The basic processes of ECM remodeling include (1) ECM deposition, mediated by a variety of proteases such as Lysyl Oxidase (LOX) and matrix metalloproteinases family, alters the abundance and composition of ECM components, thereby altering the ECM biochemical and mechanical properties; (2) chemical modification at the post-translational level, which alters the biochemical characteristics and structural features of the ECM; (3) protein hydrolytic degradation processes, which would release large amounts of bioactive ECM fragments and ECM binding factors and may be required to remove cellular constraints (e.g., physical barriers to migration); and (4) physical remodeling mediated by specific proteases such as procollagen-lysine, 2-oxoglutarate 5-dioxygenase 2 (PLOD2), which affects cellular behavior by aligning ECM fibrils and stabilizing the cross-linking of ECM proteins (7, 8). More importantly, this process of matrix remodeling is accompanied by complex cell-matrix biochemical signaling and molecular communication, which has a profound influence on cell behavior. In fact, the ECM is constantly undergoing dynamic remodeling and is regulated by a variety of bioactive molecules, signaling pathways, and substances released when the ECM itself is damaged. In many solid tumors such as CRC, ECM remodeling occurs as a result of collagen crosslinking and increased stiffness, and it has been demonstrated that tumor cells can detect changes in the mechanical stress of the microenvironment in which they are exposed and thus alter cell biological behavior, such as focal adhesion assembly, changes in cell contractility, overexpression of EMT markers, and upregulation of various cellular external to internal signaling cascades such as PI3K and ERK signaling (9, 10). In addition, ECM remodeling in distant organs will create favorable conditions for tumor cell metastasis prior to the development of distant metastasis (11). Therefore, tumor progression is accompanied by dysregulation of ECM remodeling.

Although only a part of CRC patients can benefit from immunotherapy in clinical practice, its importance in the comprehensive treatment of CRC has gradually emerged (12). Immune function is dependent on the structural composition and physical properties of the ECM, and the dynamic evolution of the ECM shapes a relatively immunosuppressive environment for tumor cells, suppressing both innate and adaptive immune responses (13). The simplest explanation for this is that the increased ECM density provides a physical barrier that prevents tumor cells from interacting with immune cells during the process of ECM remodeling. In recent years, with the gradual in-depth research between ECM remodeling and tumor immunity, it has been proved that the movement and metabolism of immune cells and T cell phenotype are regulated by ECM components such as collagen, which is also directly related to the development of tumor (14). Moreover, ECM remodeling eliminates the enhancement of tumor-derived exosome diffusion and subsequent cancer-associated fibroblast (CAF) induction (15). These results suggest that the mechanism of ECM remodeling and tumor immunity is far more complex than imagined.

In this study, we grouped patients using ECM remodeling-related genes and established a prognostic model based on MEIS2 and SLC2A3. Besides, a nomogram that accurately predicted patient survival was constructed. Further, we assessed the differences between high- and low-risk groups in clinical characteristics, molecular features, immune function, and drug sensitivity. In conclusion, our work constructed a valid prognostic model and provides new insights into the immunotherapy of CRC patients.





Materials and methods




Data collection

The process of this work is shown in Figure S1. In this study, GSE39582 (16) and GSE17536 (17) were selected as training cohort (n = 758) from the Gene Expression Omnibus (GEO) database, 618 CRC samples from The Cancer Genome Atlas (TCGA) were applied as testing cohort. After excluding patients who lacked important clinical information such as overall survival (OS) and AJCC stage, we conducted data normalization to avoid batch effects. The gene set containing 69 genes related to ECM remodeling was obtained from the AmiGO database with the keyword “ECM remodeling” and the restriction “Homo sapience” (18) (Table S1).





Consensus clustering analysis

Cluster analysis was performed using the “ConsensusClusterPlus” package, using agglomerative km clustering with a 1-Pearson correlation distances and resampling 80% of the samples for 10 repetitions. The optimal number of clusters was determined using the empirical cumulative distribution function plot (19).





Association between molecular patterns with the clinical characteristics and prognosis of CRC

We integrated the patients’ clinical information such as survival time, survival status, age, gender, grade, and AJCC stage. Kaplan-Meier analyses obtained by the “Survival” and “SurvMiner” packages were used to assess OS differences between different groups (20).





Relationship of molecular patterns with TME in CRC

We used the ESTIMATE algorithm to assess the Stromalscore, Immunescore, and TMEscore of CRC patients. The CIBERSORT algorithm and MCPcounter algorithm were used to calculate the level of immune cell and stromal cell infiltration in each patient. We evaluated the association between risk scores, expression levels of genes involved in model construction, and immune cell infiltration, respectively. Then we compared subgroup differences in immune checkpoint expression and immune function. The “GSVA” package was used for GSVA analysis. We downloaded the subset c2.cp.kegg.v7.4.symbols.gmt to evaluate the relevant pathways and molecular mechanisms, set the minimum gene set to 5, the maximum gene set to 5000, and calculated the enrichment score of each sample in each gene set. Finally, the enrichment score matrix is obtained for further analysis.





Identification of DEGs and functional enrichment analysis

We obtained 195 differentially expressed genes (DEGs) between ECM remodeling subgroups using the “Limma” package under | logFC | ≥ 1 and p < 0.05. Then “clusterProfiler” package was used to perform Gene Ontology (GO) function and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis based on these DEGs (21).





Development of the ECM remodeling-associated prognostic EAG_Score

We constructed an EAG_Score to quantitatively assess the degree of ECM remodeling in each patient. Based on 195 DEGs, we screened 130 DEGs associated with prognosis using univariate Cox regression (uniCox) analysis and subsequently performed regression analysis using the “glmnet” package. LASSO-cox analysis was used to construct a prognostic model. the EAG_Score was calculated as: EAG_Score = ∑ (gene Expression ∗ gene coefficient). Based on the median EAG_Score, we divided the patients into high and low-risk groups and performed PCA analysis using the “stats” package (version 3.6.0). Specifically, we first performed z-score transformation of the patients’ gene expression profiles and further performed dimensionality reduction analysis using the prcomp function to obtain the reduced matrix.





Clinical significance analysis of the prognostic EAG_Score

After excluding patients with missing data, we integrated patients’ clinical information and EAG_Score for uniCox and multivariate Cox regression (multiCox) analysis; we performed ROC analysis using the pROC package (version 1.17.0.1) to obtain AUC (Area Under Curve) values. Specifically, AUC values and Confidence Intervals (CI) were evaluated using CI function of the package to obtain the final AUC results. We analyzed whether the EAG_Score model could be used as an independent prognostic predictor. In addition, we analyzed the differences in EAG_Score between the subgroups obtained by different clustering analysis methods.





Establishment of a predictive nomogram

Combined with the patients’ EAG_Score and other clinicopathological features, the “rms” package was used to plot a nomogram. We conducted ROC analysis to explore the prognostic predictive power of these clinical features, particularly in predicting the patients’ 1-year, 3-year, and 5-year OS. Calibration curves were used to validate the predictive accuracy of the column line graphs.





Immunohistochemical analysis

By searching the Human Protein Atlas (HPA) database, we obtained immunohistochemical staining images to determine protein expression of MEIS2 and SLC2A3 in normal and CRC tissues. HPA003256 and CAB002763 are antibodies to MEIS2 and SLC2A3, respectively.





Drug sensitivity analysis

Setting a filter condition of p < 0.001, we predicted patients’ IC50 values for drugs commonly used in clinical practice using the “pRRophetic” package and compared them in high and low-risk groups (22).






Results




ECM remodeling related genes in CRC

First, we analyzed the mRNA expression data in the training cohort, after eliminating the batch effect (Figure S2), we identified the expression levels of 69 ECM remodeling-associated genes in tumor samples and normal samples and it was found that most of the genes were down-regulated in tumor tissue (Figure 1A). PPI networks were mapped using an online tool (https://cn.string-db.org) to explore the association between ECM remodeling genes. The results showed that CTNNB1, SMARCA4, MMP14, SRC, and ACTB were hub genes (confidence score = 0.900) (Figure 1B). Subsequently, we explored the prognostic value of these genes by uniCox analysis. 20 genes, including MXRA8, MXRA7, and MMP14, have been shown to be associated with the prognosis of patients (Table S3; Figure 1C). GO and KEGG analysis showed that these genes were mainly related to the regulation of tissue and ECM remodeling, cancer pathways such as liver cancer and gastric cancer (Figures 1D, E).




Figure 1 | Evaluation of ECM remodeling associated genes in CRC. (A) Expression distributions of ECM remodeling associated genes between CRC and normal tissues. (B) The PPI network acquired from the STRING database among the ECM remodeling associated genes. (C) Forest map of ECM remodeling associated genes with prognostic significance (p<0.05). (D, E) GO and KEGG enrichment analysis of ECM remodeling associated genes. (p<0.01 **; p<0.001 ***; p<0.0001 ****).







Generation of ECM remodeling subgroups in CRC

To further determine the relationship between ECM remodeling and CRC, we performed the clustering analysis based on ECM remodeling-associated genes and the result showed that the best clustering variable was 2. The patients were classified into EAGcluster 1 (n = 347) and EAGcluster 2 (n = 392) (Figure 2A). PCA analysis showed the reliability of the grouping (Figure 2B). We compared the OS between the groups and observed a significant survival difference (Figure 2C). In addition, as shown in Figure 2D, EAGcluster 1 possessed higher levels of ECM remodeling-related gene expression and was associated with a more advanced AJCC stage.




Figure 2 | Classification of ECM remodeling associated genes subgroups and clinicopathological and biological characteristics of two distinct subtypes. (A) Consensus analysis matrix heatmap defining two clusters (k = 2) and their correlation area. (B) PCA analysis showed significant differences in the transcriptome between the two subgroups. (C) Kaplan–Meier curves for OS of the EAGclusters. (D) Differences in clinicopathologic characteristics and expression levels of ECM remodeling associated genes between EAGcluster1 and EAGcluster2.







Characteristics of the TME in different subgroups

We performed GSVA analysis to compare the differences in ECM remodeling-related enrichment pathways between these subgroups, the result showed that ECM signaling exchanges (such as ECM receptor interaction, glycosaminoglycan biosynthesis), focal adhesion and multiple signaling pathways (JAK-STAT signaling pathway, MAPK signaling pathway) were enriched in EAGcluster1 (Figure 3A). The Cibersort algorithm was used to calculate the infiltration of 22 immune cells for each tumor sample (Figure 3B) and we observed significant differences between the two subgroups, T_cells_follicular_helper, Macrophages, Neutrophils were found to be relatively higher in EAGcluster 1, while T_cells_CD8, T_cells_CD4_memory_resting, T_cells_CD4_memory_activated, Tregs, and NK_cells_resting were higher in EAGcluster 2, the results of MCPcounter analysis showed that EAGcluster1 had a lower abundance of cytotoxic lymphocytes and a higher abundance of fibroblasts and endothelial cell infiltration than EAGcluster 2 (Figure 3C). Then We compared several key immune checkpoints (PD-1, PD-L1, CTLA-4) and observed that EAGcluster 1 has a higher expression level compared to EAGcluster2 (Figures 3D–F). Furthermore, to better understand the link between ECM remodeling and tumor immunity, TME scores (including StromalScore, ImmuneScore, and ESTIMATEScore) were calculated using the ESTIMATE algorithm, and the results showed that the EAGcluster 1 had a higher TME score (Figure 3G).




Figure 3 | Differences in tumor immune microenvironment between EAGcluster1 and EAGcluster2. (A) GSVA of biological pathways between two distinct subgroups. (B) Abundance of 22 infiltrating immune cell types in the two subgroups. (C) Abundance of 8 infiltrating immune cell types and 2 stromal cell types in the two subgroups. (D–F) Expression levels of PD-1, PD-L1, and CTLA-4 in the two subgroups. (G) Correlations between the two subgroups and TME score. (p<0.05 *;  p<0.001 ***; p<0.0001 ****; p>0.05) "-" symbol means p>0.05.







Identification of gene subgroups based on DEGs

To explore the potential biological activity of ECM remodeling subgroups, we obtained 195 DEGs related to ECM remodeling using the “limma” package and performed functional enrichment analysis (Tables S6, S7). GO analysis showed that DEGs were mainly enriched in biological processes such as cell adhesion, cell differentiation, and cell motility (Figure 4A). KEGG analysis showed significant enrichment in the PI3K-Akt signaling pathway, Phagosome, Cytokine-cytokine receptor interaction, etc (Figure 4B). Subsequently, we discussed the prognostic value of DEGs using uniCox analysis and obtained a total of 28 prognosis-related genes at p < 0.001 (Table S8). We divided patients into two geneClusters based on the expression of prognostic genes. We found that patients in geneCluster A had better OS compared to geneCluster B (Figure 4C), and geneCluster B had more abundant DEGs expression and was associated with later AJCC stage (Figure 4D). In addition, as expected, there was significant differential expression of ECM remodeling-related genes between geneClusters (Figure 4E).




Figure 4 | Identification of gene subgroups based on DEGs. (A, B) GO and KEGG enrichment analysis of DEGs. (C) Kaplan–Meier curves for OS of the two gene clusters. (D) Differences in clinicopathologic characteristics and expression levels of ECM remodeling associated genes between the two gene clusters. (E) Differences in the expression of ECM remodeling associated genes among the two gene clusters. (p<0.05 *; p<0.01 **; p<0.001 ***; p<0.0001 ****).







Development and validation of the prognostic AAG_Score

We developed the EAG_Score to assess the prognostic predictive ability of DEGs in CRC patients. LASSO and multiCox analysis for 130 prognosis-related DEGs were conducted to establish an optimal predictive model. Finally, we obtained two genes (MEIS2 and SLC2A3) and the formula of EAG_score: risk score = (0.167125186316921 * expression of SLC2A3) + (0.144964442480063 * expression of MEIS2). Figure 5A displayed the patients’ distribution in the different groups. Besides, we found EAGcluster 1 and geneCluster A had higher risk score (Figures 5B, C). Subsequently, patients were divided into high-risk and low-risk groups according to the median EAG_Score, Kaplan-Meier analysis indicated that low-risk patients had a better OS over high-risk patients (Figure 5D). PCA analysis showed a good distribution of patients in high and low-risk groups (Figure 5E). The AUC values of the model predicting patients’ OS at 1, 3, and 5 years were 0.64 (95% CI = 0.71-0.57), 0.61 (95% CI = 0.66-0.56), and 0.60 (95% CI = 0.65-0.55), respectively (Figure 5F). Compared with other existing prognostic models for CRC, such as the ferroptosis-related genes prognostic model (AUC = 0.64, 0.64, 0.71 for 1,3,5-year OS, respectively) (23), the platelet-related prognostic model (AUC = 0.722, 0.706, 0.689 for 1,3,5-year OS,respectively) (24), and the anoikis and immune-related genes prognostic model (AUC = 0.671, 0.634, 0.638 for 1,3,5-year OS,respectively) (25), our model also demonstrated good predictive performance. With the increase of EAG_Score, the OS of patients decreased and the mortality rate gradually increased (Figures 5G, H). Figure 5I shows the expression heatmap of MEIS2 and SLC2A3.




Figure 5 | Construction of the EAG_score in the entire cohort. (A) Alluvial diagram of subgroup distributions in groups with different EAG_scores and clinical outcomes. (B) Differences in EAG_score between the two EAG clusters. (C) Differences in EAG_score between the two gene clusters. (D) Kaplan–Meier analysis of the OS between high- and low-risk group. (E) PCA analysis based on the prognostic signature. (F) ROC curves to predict the sensitivity and specificity of 1-, 3-, and 5-year survival according to the EAG_score. (G, H) Ranked dot and scatter plots showing the EAG_score distribution and patient survival status. (I) Expression patterns of 2 selected prognostic genes in high- and low-risk groups. (p<0.0001 ****).



In addition, our prognostic model also showed good predictive power in validation cohort (Figure S3). The expressions of MEIS2 and SLC2A3 were verified by The Human Protein Atlas (Figure 6).




Figure 6 | Representative immunohistochemistry images of MEIS2 and SLC2A3 in CRC tissues and normal tissues. (A, B) MEIS2 in normal tissues and CRC tissues. (C, D) SLC2A3 in normal tissues and CRC tissues.








Clinical correlation analysis of the prognostic EAG_Score

We performed uniCox and multiCox analyses to determine the independent prognostic value of EAG_Score (Figures 7A, B). The forest plot showed that EAG_Score could be used as an independent factor to predict the prognosis of patients. In addition, to explore the relationship between EAG_Score and clinical characteristics, we discussed the correlation between clinical information such as age, gender, and AJCC stage, the results showed that later AJCC stage was associated with a higher risk score (Figure 7C). Moreover, patients with metastasis had a higher EAG_Score (Figure 7D). Overall, a higher risk score means a higher risk of metastasis and a worse prognosis.




Figure 7 | Clinical correlation analysis of the prognostic EAG_Score and establishment of the prognostic nomogram. (A, B) uniCox and multiCox analysis showed the prognostic value of the EAG_score. (C) Correlation between risk score and AJCC_stage. (D) Correlation between risk score and CRC metastasis. (E) Nomogram for predicting the 1-, 3-, and 5-year OS of CRC patients in the entire cohort. (F) Calibration curve of the prognostic nomogram. (G) ROC curves of the prognostic nomogram for 1-, 3-, and 5-year OS in CRC. (p<0.05 *; p<0.01 **; p<0.001 ***).






Construction of a nomogram to predict patients’ prognosis

Given the good predictive efficacy of the model, we further developed a nomogram that could predict the OS of patients at 1, 3, and 5 years based on the clinical characteristics (Figure 7E). The calibration curve showed that the nomogram had a great accuracy between actual observations and predicted values (Figure 7F). In the ROC curve, the AUC values of the nomogram for predicting the 1-year, 3-year, and 5-year OS of patients were 0.86 (95%CI = 0.91-0.81), 0.84 (95%CI = 0.88-0.81) and 0.86 (95%CI = 0.89-0.82), respectively (Figure 7G).





Assessment of TME, checkpoints, and immune function in distinct groups

We calculated the correlation between immune cell abundance and EAG_Score. As shown in (Figures 8A–H), EAG_Score was positively correlated with Macrophages_M0, Macrophages_M1, Macrophages_M2, T_cells_follicular_helper, and negatively correlated with Dendritic_cells_resting, T_cells_CD4_memory_activated, T_cells_CD4_memory_resting, T_cells_CD8. In addition, EAG_Score was associated with higher StromalScore, ImmuneScore, and ESTIMATEScore (Figure 8I). We found a significant correlation between the genes involved in the model construction and most immune cells’ infiltration levels (Figure 8J). Figure 8K demonstrated that certain immune functions including APC_co_stimulation, CCR, HLA, and T_cell_co-stimulation, differed significantly between the two distinct groups. Furthermore, we compared 35 common immune checkpoint inhibitors between high- and low-risk groups, such as PD-1, PD-L1, CTLA-4, lymphocyte-activation gene 3, and tumor necrosis factor superfamily, and they were discrepantly represented in the two risk subgroups (Figure 8L).




Figure 8 | Evaluation of TME, checkpoints and immune functions between the two groups. (A–H) Correlations between EAG_score and immune cell types. (I) Correlations between EAG_score and both immune and stromal scores. (J) Correlations between the abundance of immune cells and genes involved in development of the prognostic model. (K) Assessment of differences in immune function between the two groups (L) Expression of 35 common immune checkpoints in the two groups. (p<0.05 *; p<0.01 **; p<0.001 ***).







Drug sensitivity analysis

To assess the ability of EAG_Score in predicting clinical drug therapy sensitivity in CRC patients, we calculated the IC50 values for each patient for 138 drugs using the “pRRophetic” package. We found that patients with low EAG_Score may have positive responses to Salubrinal, Pyrimethamine, Lenalidomide, and OSI-906, while patients with high EAG_Score may have positive responses to ATRA, Cisplatin, Gemcitabine, Bleomycin Bortezomib, Docetaxel, Doxorubicin, Etoposide and some targeted drugs such as Axitinib, Dasatinib, Imatinib, Sunitinib, Nilotinib, etc (Figure 9). In conclusion, these results suggested that ECM remodeling genes were correlated with drug sensitivity.




Figure 9 | Relationships between EAG_score and drug sensitivity.








Discussion

In cancer, the uncontrolled growth of cells remodels the ECM, this regulates cell-cell and cell-ECM interactions in turn and has profound effects on the biological behavior of cells (26). Various ECM components have pro- or anti-apoptotic effects, and dysregulation of the homeostasis of the ECM microenvironment is associated with tumor apoptotic evasion and progression (27). Clinically speaking, increased tissue stiffness can be observed in many solid tumors such as CRC, mainly due to alterations in tumor tissue fibrosis caused by increased synthesis and cross-linking of collagen (28). Tumor cells, CAF, and immune cells play a decisive role in this process, while this change in tissue remodeling can in turn induce CAF, stromal cells to secrete various cytokines, growth factors, chemokines, and exosomes, this process provides a prerequisite for tumor cell proliferation and metastasis (29). Besides, a growing number of studies have demonstrated that there is an inextricable relationship between ECM remodeling and tumor immunity (30, 31). CDH11 promotes immunosuppression and ECM deposition to support the growth of pancreatic tumors and resistance to gemcitabine (32). Versican (VCAN), a large matrix proteoglycan with immunoregulatory activity, has been reported to prevent the interaction between hyaluronan and T cells to inhibit adhesion and migration (33), and versican-derived matrikines regulate Batf3-dendritic cell differentiation and promote CD8+ T-cell infiltration in CRC (34). In addition, Pirfenidone, an anti-fibrotic drug, promotes immune infiltration and enhances the efficacy of PD-L1 blockers in mouse models (35). Therefore, it is of great clinical importance to further investigate the association between ECM remodeling and tumor development and immunotherapy.

In the current research, using data from GEO dataset, we evaluated the expression of genes associated with ECM remodeling in CRC and normal tissues, and patients could be classified into two different subtypes based on ECM-related genes and DEGs, respectively. Moreover, we observed a significant difference in clinical features and prognosis, immune cell and stromal cell infiltration between the different subtypes. We developed the EAG_Score model and found that EAGcluster1 and geneClusterA had higher EAG_Score and worse prognosis, which confirmed the role of ECM remodeling in CRC prognosis. In addition, the EAG_Score was identified as an independent predictor of prognosis for CRC patients, and the ROC curve validated its reliable predictive ability for 1-year, 3-year, and 5-year OS. Furthermore, the ECM remodeling-related prognostic nomograms showed good agreement between predicted and actual survival outcomes and a better prognostic ability than the TNM stage. In general, increases in infiltrating CD8+ T cells have been associated with longer OS (36), and consistent with that, we found the high-risk group showed more pronounced immunosuppressive features: with higher levels of Macrophages_M0, Macrophages_M1, Macrophages_M2 and lower levels of T_cells_CD4_memory_activated, T_cells_CD8, etc. Besides, the high-risk group had more abundant expression of ECM remodeling-related genes, and higher stromal and immune scores, suggesting that there is a relationship between ECM remodeling and tumor immunity that cannot be ignored. Considering the differences in immune function and immune checkpoint expression, we speculated that the high-risk group may have a higher sensitivity to immunotherapy. As research on the connection between the ECM and tumor immunity continues, ECM remodeling, structural plasticity, and mechanical forces are increasingly recognized as key factors in immune cell migration and spatial distribution, activation, and immune synapse formation  (37–39). Therefore, targeting the ECM-mediated immunosuppressive microenvironment in combination with other systemic treatment strategies for CRC may enhance the efficacy of these therapies. Notably, capecitabine has been shown to inhibit the expression of CTLA-4 in CRC cells, which may combine immunotherapy with chemotherapy in the comprehensive treatment of CRC (40). These findings show promising prospects for targeting immune checkpoints in the integrated treatment of CRC. In recent years, although research on ECM such as targeting angiogenesis and tumor immunity has made tremendous progress (41), few clinical translations have been achieved (42), which may be partly explained by the non-specificity of drugs and complex tumor immunity (43). A systematic understanding of ECM remodeling and the complicated TME generated by stromal elements will help to identify investigational targets for the development of novel immune biomarkers and combination immunotherapy.

Meis homeobox 2 (MEIS2) belongs to TALE (three amino-acid loop extension) superfamily and is mainly involved in the Hox activity regulation by binding directly with posterior Hox proteins or indirectly with Pbx to form a homeoprotein-DNA complex, plays a crucial role in the pathogenesis of human cancer (44, 45). MEIS2 is essential for neuroblastoma cell survival and up-regulation of MEIS2 is required for the growth of AML1-ETO-positive AML (46, 47). In addition, it has been reported that MEIS2 may be associated with certain metastatic diseases (48, 49). Consistent with this, we found that mCRC patients had higher MEIS2 expression levels in our study. However, it has been also shown that high expression of MEIS2 is associated with improved prognosis of ovarian cancer (50). Therefore, further studies are needed to clarify the specific role of MEIS2 in cancer.

SLC2A3, a member of the solute carrier 2A family, encodes glucose transporter protein (51). SLC2A3 is up-regulated in a variety of tumors, such as CRC and breast cancer, and is involved in tumor progression and poor prognosis (52, 53). In cancer cells, the elevated expression of SLC2A3 helps to meet the increased glycolysis requirements and promotes the Warburg effect (54). In CRC, activation of the SLC2A3-YAP signaling pathway is a master activator that reprograms tumor metabolism and thus promotes tumor metastasis (55). Consistent with our findings, studies have indicated changes in the ECM of SLC2A3 overexpressed cells, including upregulation of osteopontin, which has been shown to mediate cell adhesion and promote tumor metastasis (56). In addition, we found a correlation between SLC2A3 and a variety of immune cells, such as CD4+ and CD8+T cells, macrophages, etc. Studies have suggested that SLC2A3 promotes the growth and drug resistance of gastric cancer cells by increasing the infiltration of M2 macrophages (57). Further exploration of the interaction between SLC2A3 up-regulated cancer cells and immune cells is of major importance and may provide new insights for cancer immunotherapy.





Conclusion

In short, this study provides a comprehensive description of ECM remodeling and TME, prognosis, and clinical characteristics of CRC patients, reveals the important clinical significance of ECM remodeling related genes, and provides valuable insights for individualized therapy of CRC patients. However, this study has some shortcomings. First, data related to patients receiving immunotherapy are missing in our study, external validation based on prospective and large-scale clinical trials is needed to assess the predictive power of the model in the future. Second, the interaction between the genes involved in constructing the model and immune cells in CRC also needs to be tested experimentally. Third, potential mechanisms between ECM remodeling and tumor immunity should be revealed in the future.
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Introduction

Colorectal cancer (CRC) is a heterogeneous disease caused by molecular changes, as driver mutations, gene methylations, etc., and influenced by tumor microenvironment (TME) pervaded with immune cells with both pro- and anti-tumor effects. The studying of interactions between the immune system (IS) and the TME is important for developing effective immunotherapeutic strategies for CRC. In our study, we focused on the analysis of expression profiles of inflammatory and immune-relevant genes to identify aberrant signaling pathways included in carcinogenesis, metastatic potential of tumors, and association of Kirsten rat sarcoma virus (KRAS) gene mutation.





Methods

A total of 91 patients were enrolled in the study. Using NGS, differential gene expression analysis of 11 tumor samples and 11 matching non-tumor controls was carried out by applying a targeted RNA panel for inflammation and immunity genes containing 475 target genes. The obtained data were evaluated by the CLC Genomics Workbench and R library. The significantly differentially expressed genes (DEGs) were analyzed in Reactome GSA software, and some selected DEGs were used for real-time PCR validation.





Results

After prioritization, the most significant differences in gene expression were shown by the genes TNFRSF4, IRF7, IL6R, NR3CI, EIF2AK2, MIF, CCL5, TNFSF10, CCL20, CXCL11, RIPK2, and BLNK. Validation analyses on 91 samples showed a correlation between RNA-seq data and qPCR for TNFSF10, RIPK2, and BLNK gene expression. The top differently regulated signaling pathways between the studied groups (cancer vs. control, metastatic vs. primary CRC and KRAS positive and negative CRC) belong to immune system, signal transduction, disease, gene expression, DNA repair, and programmed cell death.





Conclusion

Analyzed data suggest the changes at more levels of CRC carcinogenesis, including surface receptors of epithelial or immune cells, its signal transduction pathways, programmed cell death modifications, alterations in DNA repair machinery, and cell cycle control leading to uncontrolled proliferation. This study indicates only basic molecular pathways that enabled the formation of metastatic cancer stem cells and may contribute to clarifying the function of the IS in the TME of CRC. A precise identification of signaling pathways responsible for CRC may help in the selection of personalized pharmacological treatment.





Keywords: immune system, inflammation, RNA sequencing, signaling pathways, colorectal cancer, KRAS mutation, differentially expressed genes (DEG)




1 Introduction

Colorectal cancer (CRC) was the main type of cancer (17.4% of all cancer cases) in all ages of male population and the second most common cancer (14.2% of all cancer cases) in all ages of female population in Slovakia in 2020 (1). It is unflattering that Slovakia had globally the highest overall mortality rate from CRC in 2020 with age-standardized rate of 21.0 per 100,000 residents (2).

The pathogenesis of CRC is a complex interplay between genetic, epigenetic, and environmental factors. Understanding of these factors and their interactions is important for developing effective prevention and treatment strategies for this disease. A family history of CRC or colorectal polyps, familial adenomatous polyposis (FAP) or Lynch syndrome, and inflammatory bowel disease, increase a risk of CRC development in the later age (3). Lifestyle factors usually influence the development of CRC in an epigenetic or environmental mode. The well-known risk factors are overweight and/or obesity and the lack of regular physical activity, alcohol consumption, and smoking. The dietary habits in the form of low intake of fiber, fruit, and vegetables, and high intake of fat and high proportion of processed meats contribute to CRC development (3, 4).

The most cases of CRCs develop from benign polyps. These polyps often contain genetic mutations that activate oncogenes or inactivate tumor suppressor genes, leading to uncontrolled cell growth and division. The pathogenesis of CRC is characterized by genetic instability mediated through chromosomal instability, microsatellite instability (MSI), and CpG island methylator phenotype (CIMP) pathways (5).

The chromosomal instability (CIN) is observed in 65%–85% of sporadic CRCs, leading to gains or losses of large or whole proportions of chromosomes and aneuploidy in number of chromosomes, genomic amplifications, and loss of heterozygosity (LOH) (6). CIN is characterized by the inactivation of tumor-suppressor genes, as tumor protein p53 (TP53) and adenomatous polyposis coli (APC), activation of oncogenes, as KRAS and B-raf proto-oncogene (BRAF), and LOH of long arm of chromosome 18. The onset of colorectal carcinogenesis is the adenomatous stage of epithelial cells present with APC gene silencing and KRAS mutations. Subsequent inactivation of TP53 and deletion of 18q chromosome leads to malignant transformation (7).

Microsatellite instability (MSI) presented in approximately 12%–15% of all CRCs is caused by defects in DNA mismatch repair (MMR) genes. Whereas MSI in hereditary CRC (Lynch syndrome) is caused by germline mutation in MMR genes, in the case of sporadic CRC, MSI-high (MSI-H) status is associated with CIMP-positive state resulting in hypermethylation of mutL homolog 1 (MLH1) and many other tumor-suppressor genes (8). Anyway, patients with MSI-H phenotype have better prognosis and higher response rate to immunotherapy (9, 10). On the other hand, approximately 85% of colorectal tumors are microsatellite stable (MSS) with worse prognosis and lower response to immunotherapy compared to MSI-H CRC (11, 12).

Metastatic CRC (mCRC) is the most common cause of death for CRC patients that have a poor 5-year survival fewer than 20%. Genomic profiling of somatic variants is very important for treatment decision and prediction of patient outcomes. Of the patients with mCRC carrying KRAS/neuroblastoma RAS Viral oncogene Homolog (NRAS)/BRAF wild-type tumors, 50% should be treated with combination of epidermal growth factor receptor (EGFR) monoclonal antibodies in combination with chemotherapy with few months extension in median survival. However, no effective targeted therapy is yet available for 35%–40% of patients with KRAS/NRAS mutation. Tumors carrying BRAF mutation V600E (5%–10% of mCRC) might be treated with a combination therapy with BRAF and EGFR inhibitors that may prolong the survival to 9.3 months (13).

The immune system plays a complex role in the pathogenesis and progression of colorectal cancer, with both pro- and anti-tumor effects. The studying of interactions between the IS and TME is important for developing effective immunotherapeutic strategies for CRC. In our study, we focused on the analysis of expression profiles of inflammatory and immune-relevant genes to identify aberrant signal pathways included in carcinogenesis, metastatic potential of tumors, and association of KRAS mutation with molecular signaling. Studying of molecular mechanisms of CRC pathogenesis and progression, immune system deregulation, and its interaction with TME could bring new possibilities in diagnosis, treatment strategies, and identification new potential immunotherapy targets.




2 Methods



2.1 Patients, clinical tissue samples, and RNA extraction

In total, 91 CRC patients underwent resection of CRC at Clinic of General, Visceral and Transplant Surgery, University Hospital Martin. Samples were collected from cancer (n=91) and adjacent (n=71) tissues in collaboration with Department of Pathological Anatomy, University Hospital Martin. The patient characteristics are presented in Table 1. The primary (n=52) and metastatic tumors (n=30) with metastases in the liver were evaluated by the experienced pathologist, and tumor tissue surgical excisions were immersed into Dulbecco’s modified Eagle’s medium (DMEM), penicillin/streptomycin, and 10% of fetal bovine serum and stored at 4°C. The samples treated this way were delivered to the Department of Molecular Biology and Genomics and transferred to RNA later and stored at −80°C until RNA extraction. Other sample criterion of the tissue collection above was the presence (n=34) and absence (n=49) of KRAS mutation. Tissues were homogenized, and total RNA was extracted using RNeasy Mini Kit (Qiagen, Hilden, Germany) according to the manufacturer’s instructions. The eluted RNA was then stored at −80°C until reverse transcription reaction or RNA-seq libraries preparation.


Table 1 | Clinicopathological characteristics of patients included in the study.






2.2 RNA sequencing of inflammation and immunity gene expression

Using next generation RNA sequencing, a differential gene expression analysis of 11 tumor and 11 matching non-tumor tissues was carried out by applying a targeted RNA panel for inflammation and immunity genes (Qiagen, Germany) containing 475 target genes and 25 reference normalization genes. Extracted RNA was quantified by fluorometric quantitation (Qubit 3.0, Invitrogen, USA), and RNA integrity was checked by 2100 Bioanalyzer (Agilent). RNA-seq libraries for CRC and adjacent tissue were prepared using QIAseq Targeted RNA Human Inflammation & Immunity Transcriptome (Qiagen). The panel is designed for detection of DEGs for pro- or antiapoptotic genes, cytokines, chemokines, growth factors and their receptors, and transcription factors performing various functions of the immune system. cDNA libraries were prepared from 450 ng of RNA and assigned with Unique Molecular Indexes (UMIs). Quality control was performed by Bioanalyzer, and libraries were sequenced using single-end reads, 1× 150 bp on MiSeq (Illumina, USA), to a depth of 5 million reads. Particular investigation of the role of significantly deregulated DEGs has been provided by NcPath online analysis tool, which allows visualization and enrichment for non-coding RNA and KEGG signaling pathways in humans to elucidate the physiological and pathological processes in CRC (14).




2.3 Experimental validation of RNA-seq data by qPCR

Six differentially expressed genes were selected for validation using quantitative real-time PCR (qPCR). The 500 ng of sample RNA and reference RNA (Universal Human Reference RNA, Invitrogen) was reversely transcribed to cDNA using High-Capacity cDNA Reverse Transcription Kit with RNase Inhibitor (Applied Biosystems). In the less concentrated samples, the initial concentration of 250 ng was processed to reverse transcription (RT). No Enzyme Control (NEC) was also included in each series of transcription. The temperature steps of RT include incubation at 25°C for 10 min, RT at 37°C for 120 min, and enzyme inactivation at 85°C for 5 min. Samples were stored at −20°C until further use.

The initial step of relative quantification (RQ) includes 10-fold serial dilutions of reference RNA from 25 ng to 2.5pg. The six target assays, namely, receptor interacting serine/threonine kinase 2 (Applied Biosystems, RIPK2, Hs01572686_m1, FAM-MGB), interleukin 6 receptor (IL6R, Hs01075664_m1, FAM-MGB), TNF superfamily member 10 (TNFSF10, Hs00921974_m1, VIC-MGB), MHC class I polypeptide-related sequence B (MICB, Hs00792952_m1, FAM-MGB), C-C motif chemokine receptor 4 (CCR4, Hs01396342_m1, FAM-MGB), and B-cell linker (BLNK, HS00179459_m1, VIC-MGB), and two housekeeping genes, actin beta (ACTB, HS99999903_m1, VIC-MGB) and glyceraldehyde-3-phosphate dehydrogenase (GAPDH, Hs99999905_m1, VIC-MGB), were tested. Each duplex reaction was run with TaqMan™ Fast Advanced Master Mix (Applied Biosystems) in the total volume of 20 μl with thermal cycling conditions, as incubation at 50°C for 2 min, polymerase activation at 95°C for 2 min, and 40 cycles with denaturation at 95°C for 3 s and annealing/extension at 60°C for 30 s in the instrument 7500 Fast Real-Time PCR System (Applied Biosystems). Standard curves were created for each tested assay from dilution series in the 7500 instrument software, and pairs of assays labeled with FAM and VIC have been chosen for duplex reactions (IL6R+BLNK, MICB+TNFSF10, RIPK2+GAPDH, and CCR4+ACTB). Data are not present in the study.

For validation of RNA sequencing by RQ, 91 tumors and 71 adjacent tissues were selected. Samples were analyzed in duplicates for each duplex reaction, and all pipetting steps were performed on BRAVO Liquid Handling Station (Agilent) to minimalize subjective pipette handling bias. The results were analyzed in the instrument software with unique threshold setting and cycle threshold (Ct value)calculation.




2.4 Pathway analysis using Reactome

RNA sequencing data from immune and inflammation panel were processed in inter-run normalization to eliminate technical differences between four runs. The corrected data were analyzed in Reactome data online analysis tool. Reactome (15), as online data analysis tool, was used to map the biological pathways influenced by DEGs identified in the study. The batch-corrected RNA-seq data of four experiments (six samples per run, including tumor and adjacent tissue) have been submitted to gene expression analysis. The PADOG (16) (weighted gene set analysis method that downweighs genes that are present in many pathways) method has been applied to RNA-seq normalized data, recorded with annotations as cancer or control, primary or metastatic tumor or control, and KRAS mutation positive or negative. Overall, the DEGs from the RNA-seq study of 11 CRC and 11 adjacent tissues have been enriched in 1,163 biological pathways, and 461 DEGs were identified. The selected pathways with a p-value for entity <0.05 have been considered as statistically significant.




2.5 Bioinformatics processing and data analysis



2.5.1 RNA-seq data evaluation

Sequencing data (fastq files) were imported into CLC Genomics Workbench (GW) v. 21.0.4 and processed by the RNA-seq analysis pipeline with the default settings. The report, generated by the pipeline, was utilized for obtaining information on the quality control. Transcripts per million (TPM), which are normalized for sequencing depth so their values are comparable between samples, were used in data analysis outside CLC. Differential expression analysis was performed using differential expression for RNA-seq pipeline with meta-data specifying both groups (e.g., case vs. control) and run, so that the batch correction was included into the computation of the average fold change (averaged over the “case” samples). A heatmap was created using Create Heat Map for RNA-Seq tool. In order to obtain a set of differentially expressed genes (DEGs), we used the elastic network Machine Learning algorithm. The TPM data were first subjected to batch correction by the scBatch method (17), scaled and then fed to the elastic network algorithm (18) (see, e.g., (19), for an overview of ML in RNA-seq), using R (20), ver. 4.0.5. Genes with positive variable importance were selected as DEGs. CLC was used to create heatmap for DEGs.




2.5.2 RT-PCR

Fold change (FC) was computed using the standard formula (i.e., 2−ΔΔCt). The data on FC and log2(FC) were explored in R, by means of boxplot overlaid with swarmplot. Distribution of log2(FC) was assessed by the quantile–quantile plot with the 95% confidence band constructed by bootstrap. Since the distribution of log2(FC) was either Gaussian, close to Gaussian, or symmetric, we used the Wilcoxon test to test the null hypothesis that the population median (point of symmetry) of log2(FC) is 0. p-Values were not subjected to a correction for multiple hypothesis testing. In order to compare FC obtained by RNA-seq with those from RT-PCR, the FC of RT-PCR was averaged over the “case” samples (patients in the FC of patients vs. controls; metastatic patients in the case of FC of metastasis vs. primary tumor; KRAS+ for FC of KRAS+ vs. KRAS−). A correlation between RNA-seq and qPCR data was calculated by the FC from RNA-seq, which is in the averaged form produced by CLC GW, and values were cross-plotted against the average FC from RT-PCR. A 45° line was added to the plot, to facilitate comparison of the methods.






3 Results



3.1 Evaluation of RNA-sequencing data

We analyzed the differential gene expression of immunity and inflammation genes (475 genes) in the CRC (n=11) and matching adjacent (n=11) tissues of 11 patients. The other inclusion criterion to the study was the condition of KRAS gene that is frequently mutated in CRC. From the analyzed samples, primary CRC (prim CRC) without mutation in KRAS was present in two samples (n=2), and primary CRC with a mutation in the KRAS gene was identified in three patients (n=3). Other three samples were from CRC patients with metastases (mtsCRC) in the liver, and wild-type allele of KRAS gene (n=3) and other three mtsCRC had also mutation in KRAS gene (n=3).

After the inter-run normalization and data evaluation in CLC, DEGs were selected based on positive variable importance (Table 2), and a heatmap was generated (Figure 1). Overall, mRNA expression of 478 differentially expressed genes were found after alignment. From the designed set of DEGs, MPL, GDC_Cont, IL3, IL9, IFNW1, IFNA4, IFNA14, IFNA6, IFNA1, and IL25 expression was not found in CRC and in adjacent tissue.


Table 2 | Statistical analysis of batch-corrected data and feature selection revealed top 12 significant DEGs.






Figure 1 | A heatmap created in CLC on based on the importance of DEGs. The upper horizontal axis represents sample marks colorectal (CO) cancer (CA) ending with A (cancer tissue) or B (adjacent tissue). The vertical axis presents the names of DEGs. The red color represents upregulation, and blue color reflects downregulation of DEGs.



A pathway analysis revealed that the most significantly expressed DEGs are enriched in cytokine (hsa-04061) and chemokine signaling pathways (hsa04062), and in inflammatory diseases (hsa05323 and hsa05417). Some DEGs are involved in pathways directly associated with diseases of the digestive tract (hsa04672 and hsa05120) or identified in cancer (hsa04668, hsa05200, and hsa05203). Moreover, some DEGs are enriched in infectious viral and bacterial diseases (hsa05163, hsa05134, hsa05171, hsa05131, hsa05133, hsa05135, hsa05132, hsa05130, hsa05162, hsa05164, and hsa05167) and in signaling pathways (hsa04620 and hsa04217) that are important in the immune defense against viral, bacterial, fungal pathogens, and parasites (21) and in mediating of inflammation by inducing type 1 interferon (IFN) production (hsa04623) (22).

The signaling pathways are listed in Supplementary Table 1 and displayed in Figure 2.




Figure 2 | The result of significantly DEG enrichment in KEGG signaling pathways. The graph on the left side represents the p-values for DEG enrichment in KEGG pathways, and the graph on the right represents the number DEGs enriched in the pathways; the intensity of green color means the significance of the value.






3.2 Validation of DEGs on a larger cohort of CRC tissues

From the prioritized and other genes, six DEGs (BLNK, CCR4, ILR6, MICB, RIPK2, and TNFSF10) and two housekeeping genes (ACTB and GAPDH) were chosen to validate study results on a larger cohort of 162 tissue samples, including 91 CRC tissues and 71 adjacent tissues. Statistical analysis was performed to determine the fold changes between groups, as cancer/control tissues, metastatic and primary tissues, and KRAS-positive/KRAS-negative tissue. The corresponding p-values are presented in Table 3.


Table 3 | The qPCR results of selected DEG fold change analysis between the above-mentioned sample groups with corresponding p-values.



In comparison between cancer and adjacent control tissue, all the selected DEGs have been significantly changed in cancer CRC tissues, in exception to CCR4. The remaining DEGs, such as BLNK, IL6R, MICB, and TNFSF10, were identified with significantly decreased expression, and RIPK2 was identified with significantly increased expression (Figure 3). In the group of metastatic vs. primary CRC tissue, no significant differences in selected DEGs were found. BLNK expression was equal in metastatic cancer tissues when compared to the control tissue. DEG expression of CCR4, ILR6, and RIPK2 was increased, and the expression of MICB and TNFSF10 was decreased in metastatic tissues (Figure 4). KRAS-positive tissues revealed weakly significant upregulation of BLNK and downregulation of MICB and TNFSF10 expression when compared to KRAS-negative cancer tissue. DEG expression in KRAS-positive tissues was equal for ILR6 and decreased for CCR4 and RIKP compared to KRAS-negative FCs (Figure 5). The complete results of bioinformatical analysis of qPCR fold changes are added in Supplementary Data Sheet 1.




Figure 3 | Boxplots showing fold change difference of DEGs in CRC tissue compared to adjacent tissue that was investigated on validation cohort.






Figure 4 | Boxplots showing fold change difference in DEGs in the metastatic CRC tissue compared to primary tumor that was investigated on validation cohort.






Figure 5 | Boxplots showing fold change difference in DEGs in KRAS-positive versus KRAS-negative CRC tissue that was investigated on validation cohort.






3.3 A correlation between qPCR and RNA-sequencing data

The next analysis was performed to see a correlation between two widely used methods for measuring RNA expression. We have calculated the relative gene expression (fold change, FC) for selected genes analyzed by qPCR. In RNA-seq data, the average FC was calculated from sample-by-sample computed FC for each gene and was correlated to the average FC of qPCR data of selected genes. To quantify potential discrepancies between RNA-seq and qPCR, the calculated gene expression fold changes of 11 RNA-seq samples were compared to the same samples analyzed in qPCR (Figure 6) and to all samples analyzed by qPCR (Figure 7). The main groups in this correlation were cancer vs. control, metastatic vs. primary cancer, and KRAS-positive vs. KRAS-negative tumors. High fold change correlation for IL6R, TNFSF10, and BLNK DEGs was found between the matching samples and all CRC tissue samples in cancer vs. control correlation. The other two groups, namely, primary or metastatic cancer and KRAS positive or negative, have a weak correlation between RNA-seq and qPCR data for each selected DEG. The complete correlation data are attached in Supplementary Data Sheet 2.




Figure 6 | Correlation of RNA-seq data (n=11) to the matching samples analyzed by qPCR (n=11) for six selected DEGs. A separate analysis was performed to cancer or control samples (A), metastatic or primary tumor (B), and KRAS-positive or KRAS-negative tumors (C). 45° line was added to the plot to facilitate comparison of the methods.






Figure 7 | Correlation of RNA-seq data to all samples analyzed by qPCR for six selected DEGs. A separate analysis was performed to cancer tissues (n=91) or control adjacent tissues (n=71) samples (A), metastatic or primary tumor (B), and KRAS-positive or KRAS-negative tumors (C). 45° line was added to the plot to facilitate comparison of the methods.






3.4 Analysis of biological pathways by Reactome v83

RNA sequencing data from immune and inflammation panel were processed in inter-run normalization to eliminate technical differences between four runs. The corrected data were analyzed in Reactome data online analysis tool. We used PADOG data analysis algorithm that is Reactome recommended as classical gene set analysis approach. Overall, the DEGs from the RNA-seq study of 11 CRC and 11 adjacent tissues have been enriched in 1,163 biological pathways, and 461 DEGs were identified. We have applied filtering of the pathways by an adjusted p-value ≤0.05 that have been considered as significantly regulated by DEGs.



3.4.1 A comparison of biological signaling pathways between cancer and control adjacent tissues

This part of the study was performed to see which signaling pathways were altered in CRC tissue against adjacent control tissue. The DEGs from the RNA-seq study of 11 CRC and adjacent tissues have been enriched in 66 biological pathways (Supplementary Image 1). The top 10 up- and downregulated DEGs are presented in Table 4. In summary, the Reactome analysis identified seven DEGs (MIF, RIPK2, IRF7, IL6R, NR3C1, TNFSF10, and CCL5) that were also identified as important in RNA-seq analysis, and three of them were used in RNA-seq validation on a larger cohort.


Table 4 | Top 10 up- and downregulated DEGs identified in CRC compared to the control tissue; logFC and p-values were estimated by the Reactome v83.



Subsequently, we have analyzed 66 differentially regulated biological pathways related to signal transduction and overactivity of tyrosine kinases frequently occurring in cancer tissues. Presumably, the main finding in this part of the study is a gene expression–transcription, especially changes in signaling pathways associated with TP53 activity. The changes between cancer and control adjacent tissue were also identified in disease signaling pathways, DNA repair, and programmed cell death, especially in the downregulation of apoptosis and defects in cell cycle signaling and developmental biology. Immune system signaling was related to changes in pathways activated by inflammatory cytokines and alterations in signaling of cellular responses to stimuli, incoming from external molecular and physical signals. The top differentially up- and downregulated biological pathways and all the significantly deregulated pathways with DEGs involved are listed in Supplementary Table 2.




3.4.2 A comparison of biological signaling pathways between metastatic and primary CRC tumors

“We wanted also to recognize which signaling pathways were altered in the metastatic CRC of patients with metastases in the liver compared to primary tumors. The top differentially up- and downregulated DEGs identified in Reactome v.83 are presented in Table 5.


Table 5 | Top 10 up- and downregulated DEGs identified in mCRC compared to prim CRC; LogFC and corresponding p-values were estimated by the Reactome v83.



The multi-omics analysis tool identified 88 differentially regulated biological pathways (Supplementary Image 2) related to signal transduction (ST) through cell surface receptors expressed on various cells in the CNS and the immune system triggering one or many cell responses from a single ligand binding. Disease alterations were associated with infectious diseases or aberrations in the signal transduction and immune system (IS) with its three main nodes. First is the innate IS through pathogen-associated molecular patterns (toll-like receptor (TLR) cascades) and induction of interferon-alpha/beta production. We also found changes in adaptive immune system in dysfunction of antigen processing and presentation and in cytokine signaling by interleukins (IL17). Other differently regulated pathways belong to developmental biology, gene expression, programmed cell death, cell cycle, and metabolism of carbohydrates, such as gluconeogenesis.

The connection between ST and IS signaling pathways was identified through signaling by receptor tyrosine kinases (RTKs), signaling by neurotrophic tropomyosin receptor kinases (NTRKs), and the following nuclear events (kinase and TF activation) and extracellular signal-regulated kinase (ERK)/mitogen activated protein kinase (MAPK) targets, MAPK activation, and IL17 signaling, as in the node for cytokine signaling in IS. Gene  expression (generic transcription pathway and subsequent transcriptional activity of heterotrimer SMAD2/SMAD3:SAMD4) was also linked to ST by signaling of TGF-beta receptor complex. The top up- or downregulated biological pathways and all the significantly deregulated pathways with DEGs involved are listed in Supplementary Table 3.




3.4.3 A comparison of signaling biological pathways between KRAS pathogenic mutation positive and negative CRC

The next aim of the study was to investigate the influence of KRAS pathogenic mutation on the CRC tissue DEGs (Table 6) and biological signaling pathways. KRAS-positive CRC tissues compared to negative counterparts were found to be involved in 46 biological signaling pathways (Supplementary Image 3), and all the significantly deregulated pathways with DEGs involved in are listed in Supplementary Table 4.


Table 6 | Top 10 up- and downregulated DEGs identified in KRAS-positive compared to KRAS-negative CRC; logFC, and corresponding p-values were estimated by the Reactome v83.



The main areas of altered pathways belong to disease and alterations in some infectious disease and signal transduction disease pathways. Signal transduction pathways frequently affected in malignant transformation (NOTCH, WNT, and mTORC1-mediated signaling) and signaling by RTKs, NTRKs, and subsequent nuclear events.

Biological pathways of the immune system were affected in all main nodes. The innate IS showed an inappropriate response in recognition of antimicrobial peptides and in ion influx/efflux at the host–pathogen interface. The adaptive IS was affected by signaling by B-cell receptor (BCR) and following downstream signaling events (as CD28 co-stimulation and CD28-dependent phosphoinositide 3-kinase (PI3K)/protein kinase B (AKT) signaling). The cytokine signaling was affected by DEGs that were found in signaling by CSF1 (M-CSF) in myeloid cells and/or signaling by interleukins, as IL12 signaling. Gene expression (transcription) was altered in RNA polymerase II transcription and generic transcription pathway and subsequent RUNX1-mediated regulation of genes. Furthermore, transcriptional regulation by the TFAP2 family of transcription factors and TP53-regulated transcription of several additional cell death genes.

Considering KRAS pathogenic mutation, signaling pathways influenced by few DEGs were found to belong to programmed cell death, developmental biology, transport of small molecules, and protein localization and mitochondrial protein import. The top up- or downregulated biological pathways are presented in Supplementary Table 4.






4 Discussion

Colorectal cancer development is multistage process that allows and adapts the changes/mutations occurring during cancer progression. The pathogenesis of CRC and its genetic instability is mediated through chromosomal instability, microsatellite instability, and epigenetic CIMP pathways (5). According to the CIMP state, three subclasses of genetic and epigenetic profiles have been identified, namely, CIMP-high (intense methylation of multiple genes, MSI, and BRAF mutations), CIMP-low (methylation of a limited group of genes and KRAS mutation), and CIMP-negative tissues (characterized with rare methylation and p53 mutation) (23). The regulation of several biological processes is disturbed, including cell proliferation, differentiation, angiogenesis, apoptosis and survival, and the responsible signaling pathways, such as EGFR/MAPK, Notch, PI3K, TGF-β, and Wnt signaling pathways, also do not exhibit their usual functions. Therefore, the exact identification of causal mutations and signaling pathways may trigger a novel preventive and therapeutic progress against CRC.



4.1 RNA-seq data evaluation and a brief analysis of signaling pathways responsible for CRC

The RNA-seq data were normalized, and 12 significant DEGs were selected as the most important in the cancer tissue when compared to the adjacent tissue. These DEGs are participating in cytokine–cytokine receptor interaction pathway that is a crucial aspect of inflammation and tumor immunology for CRC (24). Cytokines are released as a response to infection, inflammation, and/or immunity, as was demonstrated in consequential pathways (hsa-04061 and hsa04062). The intestinal epithelial cells represent an important defense line in protection against pathogens (25). The changes in intestinal immune network for IgA production (hsa04672) may influence the interaction of epithelial cells to pathogenic bacteria as Helicobacter pylori (hsa05120) and many others (hsa05163, hsa05134, hsa05171, hsa05131, hsa05133, hsa05135, hsa05132, and hsa05130), as was confirmed by our study.

The intestinal epithelial cells recognize the colonizing microbial community by TLRs that are very important in early innate immune defense mechanisms and trigger inflammatory pathways through intracellular signaling cascades, leading to the induction of genes encoding cytokines and chemokines, involved in antimicrobial host defense (26). Analogously, this RNA-seq DEGs analysis revealed that the significantly regulated DEGs were involved in TLR signaling pathway (hsa04620). The innate immune response to viral infections is mediated by the cytosolic DNA-sensing pathway (hsa04623) as is known as cGAS-STING pathway, and amendments in the pathway cascade drive inflammation-driven tumor growth (27) and participate at defense against viral infections (hsa05162, hsa05164, and hsa05167) and at virus-induced carcinogenesis (hsa05203). The changes in cytosolic DNA-sensing pathway (hsa04623) catalyzes the synthesis of cyclic dinucleotide cGAMP, which activates stimulator of IFN genes (STING) and mediates inflammation by inducing IFN1 production (IFN1) (22) and allowing innate immune response to infections, inflammation, and cancer (28). The cGAS and STING deficiency leads to eliminated or decreased level of IFN1 response to extrinsic cytosolic DNA, which may contribute to non-inflamed cancer microenvironment (28). Several colorectal human cell lines derived from adenocarcinoma have described defective or low STING pathway activity and poor stage of CRC (29).

Necroptosis (hsa04217) is another form of programmed cell death. Its mechanism is conformable to apoptosis and morphology analogous to necrosis. Necroptosis-related genes are strongly associated with TME of CRC, and patients carrying these gene changes may benefit from immunotherapy and have better prognosis of the disease (30).

The important parts of cancer research are TNF signaling pathway (hsa04668) and pathways in cancer (hsa05200). The TNF-α is a proinflammatory cytokine that often presents in the TME and is associated with chronic inflammation. Moreover, the proinflammatory NF-κB signaling is activated by the canonical pathway triggered by TNF-α, which results in the activation of p65 that regulates inflammatory responses (31). TNF-α promotes tumor angiogenesis and accelerates tumor metastasis, but the molecular mechanisms remain unclear (32). The second signaling pathway is associated with the MAPK and p53 signaling pathways (33).

We also identified lipid and atherosclerosis (hsa05417) pathway, in which lipids are energy reservoirs that can control homeostasis, transcriptional, and enzymatic networks, and inflammatory response and reprogramming of the lipid metabolism are two hallmarks of cancer (34). Atherosclerosis is similar to solid tumors because of the content of macrophages that participate in acidosis, anaerobic metabolism, and inflammatory process (35). The pathogenesis of rheumatoid arthritis (hsa05323) is also linked with inflammation and presence of survivin that inhibits apoptosis and contributes to persistence of autoreactive T cells and the tumor-like phenotype of fibroblast-like synoviocytes. The overexpression of survivin also affect signaling pathways, such as STAT3 and PIK3/Akt, and is involved in the severity of rheumatoid arthritis (36).




4.2 RNA-seq data verification on larger cohort of CRC patients

Six genes were selected for validation of RNA-seq data, such as IL6R, BLNK, TNFSF10, CCR4, MICB, and RIPK2. There was a correlation between RNA-seq and validation cohort for the IL6R, BLNK, and TNFSF10 DEGs when cancer and control tissues were compared. These three DEGs were also identified as top 12 DEGs. Other three DEGs had a weak correlation between the tested methods. All six DEGs had also a weak correlation between the metastatic and primary tissues and between KRAS-positive versus KRAS-negative cancers.

0This study analyzed IL6R expression on a large cohort of CRC patients; we found a significantly lower expression in the cancer group and a non-significantly higher expression in the metastatic group compared to primary cancer and a slightly lower expression in the KRAS-positive group. IL6R is expressed only in cells as hepatocytes and certain leukocytes, whereas its ligand IL6 is expressed in a wide variety of cell types. IL6R transduction pathway is mediated through activated STAT3, MAPK, and PI3K activation (37). Authors found that colorectal cancer cell lines express IL6 and IL6R and co-receptor gp130 (38), and higher levels of IL6R mRNA expression were found in HER2-positive breast cancer lines and in immortalized cells derived from nasopharyngeal epithelium with activated STAT3 (39). This study revealed significantly lower IL6R and lower STAT3 expression.

B-cell linker protein (BLNK) is crucial for B-cell receptor signaling pathway and mediates B-cell apoptosis (40). BLNK overexpression was found in approximately 70% of CRC tissues where its oncogenic activity via RAS/ERK pathway has been reported (41). BLNK overexpression was an independent risk factor for CRC recurrence (42). A reduced expression of BLNK was found in increased migration and invasion of CRC cells (43). BLNK expression on a large cohort of CRC patients was found to be significantly lower in the cancer group and equal expression in mCRC when compared to primary cancer and a higher expression in the KRAS-positive group.

Tumor necrosis factor (TNF) superfamily member 10 (TNFSF10), known as tumor necrosis factor (TNF)-related apoptosis-inducing ligand (TRAIL) or ApoEL, is able to induce cell apoptosis in various types of tumor cells (44) by receptor oligomerization and recruitment of the FADD and caspase 8 and 10 (45). TNFSF10 expression on a large cohort of CRC patients was found to be significantly lower in the cancer group compared to the control group and non-significantly lower in metastatic and KRAS-positive group. Downregulated expression of TNFSF10 was found also in transcriptomic study of CRC compared to normal data available in TCGA database (46).

MICB or MHC class I chain-related B molecule is one of the ligands of NKG2D receptor that exists in NK cells and CD8+ T cells. MICB is expressed by the intestinal epithelium or epithelial tumors, and their role is in the immunosurveillance and mediates antitumor response (47). MICB expression on a large cohort of CRC patients uncovered its significantly lower expression in the cancer group compared to the control group, non-significantly lower expression in the metastatic group, and weakly significantly lower expression in the KRAS-positive group. A study of MICB expression had shown a significantly high expression that was associated with tumor size and better overall survival (48). Another study revealed worse survival of patients with CRC with downregulated MICB because the tumor evades recognition by the immune system (49).

Another molecule used for the validation of RNA-seq data was the receptor-interacting serine/threonine-protein kinase-2 (RIPK2). RIPK was found to be involved in solid tumors and have a role in different pathways of immune and inflammatory responses (50). The RIPK2 expression on a large cohort of CRC patients was found significantly increased in the cancer group, non-significantly higher expression in the metastatic group, and non-significantly lower expression in the KRAS-positive group. High expression of RIPK was associated with high expression of VEGFA and increased mortality and has a potential in targeted therapy (51).

The role of CC chemokine receptor (CCcR4) was identified in normal and tumor immunity and belongs to the G-protein-coupled receptor family. The binding of chemokine ligands trigger its function in human autoimmune diseases, such as atopic dermatitis, asthma, and cutaneous T-cell lymphoma (CTCL), and is expected to be a novel therapeutic target for cancer immunotherapy (52). We identified a non-significant expression of CCR4 in each group; CCR4 expression was equal in the cancer group when compared to the control group, slightly higher in the metastatic group, and lower in the KRAS-positive group.




4.3 Reactome data analysis identification of DEGs in CRC compared to adjacent tissue

We further aimed to investigate which changes in signaling pathways could be responsible for the development of CRC. Here, we discuss an altered gene expression and signaling pathways that were significantly changed in the CRC tissue compared to the control adjacent tissue. Using in silico Reactome analysis, we identified the significantly upregulated genes, namely, CDK2, MYC, GPI, CD44, NOD1, UBE2N, PRKRA, and IRAK2, and the significantly downregulated gene, IRF7 gene (Supplementary Table 2).

Cyclin-dependent kinase 2 (CDK2) is a DNA damage signaling kinase, which phosphorylates proteins in many cellular processes and is hyperactivated in most cancers (53). UBE2N interacts with BRCA1, and its expression serves as a potential biomarker of response to poly(ADP-ribose) polymerase (PARP) inhibitors and other DNA-repair-targeted therapies in breast cancer (54).

Cell cycle signaling pathways importantly participate in cell cycle division. Most cancer cells have defects in G1 and G2 checkpoints, and DNA damage triggers the ATM/CHK2/p53 pathway. The weakening of G2 checkpoint leads to chromosomal instability, and dysregulated cell-cycle-related genes can be a reason for uncontrolled cell growth and proliferation that are a signs of cancer cells (55).

The in silico analysis of cancer cells found changes in biogenesis in miRNA and siRNA, and mainly TP53 gene expression was disturbed. The TP53 is a key tumor suppressor that regulates different cellular responses to protect against cancer development. Colorectal cancer is reported with 43% of mutations in TP53 gene, and mostly missense mutations impair wild-type p53 function (loss-of-function). Invasive and metastatic cancers may provide gain-of-function activities with more aggressive phenotype acquired by clonal evolution of cancer stem cell (56). Patients with breast cancer carrying the TP53 mutation were diagnosed with a higher glucose-6-phosphate isomerase (GPI) gene expression that indicates higher level of glycolysis in tumor cells and correlates with the degree of tumor malignancy (57). Furthermore, MYC overexpression was observed in up to 70%–80% of CRC (58). Numerous studies sustained a chemoresistance in tumor cells expressing high levels of MYC and activation of WNT signaling pathway. Gaggianesi et al. demonstrated that dual indirect targeting of CD44 and MYC in CRC stem cells, using PI3K and CDK inhibitors, reduces the survival and clonogenic activity of cancer stem cells, regardless of the mutational background (59). Similarly, MIF overexpression leads to excessive signaling through CD74 surface receptor and formation of complex with CD44 that initiates the ERK/MAPK signaling pathway. Chemokine-like function of MIF consists of the recruitment of immune cells and mediation of acute and chronic inflammatory diseases, and tumor progression and development. CRC patients with MIF overexpression in lymph nodes had a shorter survival time after surgery (60).

PRKRA is a core component in the miRNA/siRNA biogenesis and is known as a cellular protein activator of PKR kinase (also known as EIF2AK2) in a dsRNA-independent manner in response to cellular stress. PKR kinase can then induce the expression of type I interferons (IFNs). Increased expression of PRKRA can be associated with worse survival of colorectal cancer patients (61).

Pathways associated with signal transduction were linked to the activation of TNFSF10 (alias TRAIL) and initiation of apoptosis through FADD domain complex and effector caspases (casp-3, casp-6, and casp-7) (62). TNFSF10 can also induce non-apoptotic signaling through the activation of proinflammatory pathways, including NF-KB, PI3K/Akt, and MAPK such as JNK, ERK, and p38 (63).

Intestinal epithelial cells and immune cells recognize exogenous and endogenous stimuli through TLRs. IRAK2 is a key regulator of interleukin-1 receptor (IL1R)/TLR-mediated inflammation and is involved in NF-κB and MAPK signaling pathways (64). In addition to TLRs, other pattern recognition molecules (PRRs) (65) are often present in cells. This study revealed overexpressed DEGs such as UBE2N, RIPK2, NOD1, and IRAK2, which points to the altered expression of the other two PRRs. NOD1 and NOD2 are bacterial sensors that trigger proinflammatory signaling mediated by receptor-interacting protein kinase 2 (RIPK2). UBE2N is a ubiquitin enzyme that eases the production of non-embedded polyubiquitin chains and serves as an activator for RIG-I on virus infection (66). The recognition of pathogenic microorganisms by PRRs induces the activation and translocation of IRF7 (interferon regulatory factor 7) to nuclear, leading to IFN-I secretion. IRF7 has opposite functions in carcinogenesis (67). This study indicates a significant downregulation of IRF7 in CRC. Otherwise, the downregulation of IRF7 expression promoted polarization of tumor-associated macrophages (TAMs), which produce anti-inflammatory factors to enhance breast cancer development by promoting immune escape, proliferation, and migration of cancer cells (68).




4.4 Reactome data analysis identification of DEGs in metastatic CRC tissue compared to primary tumor

Another part of the study was a comparison of signaling pathways in metastatic versus primary CRC. The Reactome analysis uncovered the following pathways that we discussed in a broader context of the disease. Nevertheless, the study results did not influence the treatment of patients with mCRC; patients were administrated with standard therapy prescribed by the experienced oncologist.

Using in silico Reactome analysis, we characterized DEGs in tumors that were able to invade the liver and form a metastasis. We found a significant downregulation of genes, such as CASP8, FADD, ELK1, ERBB2, IRAK1, SIGIRR, TAP1, TAP2, TAPBP, HLA-E, STAT3, MYC, IFNAR1, PPARG, PPIL2, and IL17RE (Supplementary Table 3).

The downregulation of FADD and CASP8 might bring the evidence of blocked apoptosis in mCRC in programmed cell death signaling that was discussed above.

Signal transduction (ST) pathways were altered in ERK/MAPK pathways where we found significantly decreased expression of ELK1 in mCRC. ELK1 is usually upregulated in cancer. Nevertheless, ELK1 expression almost disappeared in the middle stage of G1 phase and at the end of S phase (69). The analysis also uncovered a reduced expression of ERBB2 (HER2) gene that plays an essential role in the regulation of cellular proliferation, differentiation, and migration via the same signaling pathways, such as ERK/MAPK and PI3K/Akt/mTOR (70). It is hypothesized that HER2 expression is abrogated during EMT by chromatin-based epigenetic silencing of ERBB2 gene. Subsequently, tumors become resistant to HER2-targeted therapies (71). In line with previous findings, a significant downregulation of STAT3 was found in oncogenic MAPK signaling represented by RAS/RAF/MAPK cascade that is important in regulating cellular proliferation, differentiation, and survival by MAP2K mutants, such as BRAF, RAF1, and RAS gene alterations (72). Other pathways were likely responsible for the metastatic progression of CRC in the cohort, so STAT3 molecules or inhibitors would not be applicable here. Controversially, a reduced MYC expression has been found in mCRC in comparison to primary CRC. Reduced MYC expression was found in cancer cells localized in the area distant from blood vessels where TME contains limited levels of oxygen and glucose. This might be a strategy of cancer cells to survive under conditions of limited energy sources (73).

The most signaling pathways detected in this part of in silico analysis were associated with immune system (IS). Innate IS response in CRC tissues have increased expression of TLRs because of the presence of chronic inflammation, microbial pathogens-induced changes in metabolism, TME, and genotoxic response (74). Commensal microflora in intestinal homeostasis can modulate TLR signaling through single immunoglobulin IL-1 receptor-related molecule (SIGIRR) that is a negative regulator for TLR-IL1R signaling. Hyperactivation of TLR-IL1R-mediated Akt-mTOR signaling in SIGIRR-deficient tumors leads to cell cycle progression, loss of heterozygosity of APC, and tumor initiation (75).

TLR-IL1R signaling is also important in the coordination of the early immune response to pathogens that is mediated by the protein myeloid differentiation primary response protein 88 (MyD88) where IL-1R-associated kinase (IRAK) proteins are employed (76). Catalytically activated IRAK1 and IRAK4 with the participation of MyD88 interact with TNF-receptor-associated factor 6 (TRAF6) and drive NF-kB and MAPK pathways that results in the production of proinflammatory cytokines (77). IRAK1 has been upregulated in many cancers and is considered as one possible target in cancer therapy. However, low expression levels of IRAK1 may cause the failure of targeted cancer therapy.

We also identified changes in cytokine signaling, especially the downregulation of interleukin 17 (IL-17) receptor E (IL17RE). IL-17RE is expressed in TH17 cells and in the epithelial cells themselves, and its ligand is interleukin 17C (IL-17C). IL17C secretion maintains an autocrine loop in the epithelium, thereby enhancing innate immune barriers (78). A reduction or attenuation in IL-17R induces MAPK signaling pathway in the downregulation of ERK2 expression and downstream targets (ELK1, ETS2, RSK, MNK, and PLA2). Tumors with IL-17R deletion express molecular markers for tumor growth, invasion, and metastasis (79), which was also confirmed by our study.

We also identified a decreased expression of IFNAR1 chain of the IFN1 receptor that is activated by JAK-STAT and other signaling pathways. Downregulation of IFNAR1 is often present in the malignant cells and in TME, where IFN1 pathway is suppressed (80).

Adaptive immune response was altered in class I MHC-mediated antigen processing and presentation,. We identified downregulation of MHC class I, which is frequent in tumors and might be an intrinsic mechanism of acquired resistance to immunotherapy (81, 82). Subsequently, the downregulation of transporters associated with antigen processing (TAP1/TAP2 and TAPBP) is also logical, which was identified in the study. We also identified a downregulation of HLA-E expression. Studies showed that the loss of MHC class I expression is accompanied with the loss of HLA-E or HLA-G expression, mean significantly better overall, and disease-free survival for the patients (83).

Signaling pathways in gene expression were associated with transcription of several transcription factors, such as peroxisome proliferator-activated receptors (PPARs) that act as antagonists in transcription of immunity and inflammation factors (84). We identified significantly low expression of PPARG in mCRC. Authors found a lack of PPARG expression in 30% of primary CRCs that strongly correlates with promoter methylation and was found in patients with poor prognosis (85). In contrast, other authors found no difference in disease progression or survival; therefore, PPARG is not an active agent for the treatment of metastatic colorectal cancer (84). We also identified a peptidylprolyl isomerase (cyclophilin)-like 2 (PPIL2) molecule that was downregulated in mRNA biogenesis and metabolism. PPIL2 is an ubiquitin ligase and probably participates in breast cancer metastasis in animal models because its downregulation led to increased migration of human breast cancer cells (86).

The interesting revelation in mCRC was the connection between ST and IS signaling pathways mediated by receptor tyrosine kinases signaling, signaling by NTRKs and following nuclear events (kinase and TF activation) and ERK/MAPK targets, MAP kinase activation, and IL17 signaling, as in the node for cytokine signaling in IS. This molecular interaction seems to be a hot candidate in the altered molecular profile of basic tumor, which derived distant metastases when compared to primary CRC. Changes in signaling pathways can allow individual cells to detach from the original tumor and spread to other parts of the body.




4.5 Reactome data analysis identification of DEGs in KRAS-positive versus KRAS-negative CRC tissue

The data analysis of KRAS-positive versus KRAS-negative CRC tissues has not revealed any significantly up- or downregulated DEGs. Therefore, we present the top up- and downregulated pathways according to FDR below 0.05 (Supplementary Table 4).

KRAS gene is highly mutated in up to 50% of colorectal cancer. The activation of KRAS proteins can be performed by growth factors, receptor tyrosine kinase (RTK), chemokines, and Ca2+ ions. The downstream signaling pathways of activated KRAS protein are the RAF-MEK-ERK (MAPK) signaling pathway, PI3K-Akt-mTOR signaling pathway, and other signaling pathways (87). KRAS mutation has a significant influence on the progression and treatment of colorectal cancer (88). KRAS-positive tumors had alterations in two main categories of the disease signaling pathways. Upregulation in pathways is an anti-inflammatory response favoring Leishmania parasite infection and mitigation of host antiviral defense response. These pathways can point that T-cell response and antigen presentation were reduced in KRAS-positive tissues, as described by Liu et al. (89).

The alterations in signal transduction pathways confirmed the role of KRAS in signaling by Notch, Wnt, mTOR, and NTRKs that function as a network in CRC stem cells (90). The major downstream effectors in KRAS oncogenic signaling is the TGF-β pathway that has been identified as the top pathway enriched in invasive and metastatic tumors (91).

The Reactome analysis identified a wide involvement of the immune system in cancer tissues carrying KRAS mutations. TME is present with inflammation, high levels of inflammatory cytokines and chemokines, and is infiltrated with multiple immune cells (92). We identified upregulation in C-type lectin receptor (CLR) signaling, as dectin-1 (CLEC7A) that increases production of cytokines and chemokines through activation of NF‐κB via caspases and MAPK, and nuclear factor of activated T cells (NFAT) pathways and induces reactive oxygen species (ROS) production. The detailed process is described in the review (93). Dectin-1 expression in TAMs promoted their suppression of anti-tumor immunity and toleration of tumor cells in pancreatic ductal adenocarcinoma, making Dectin-1 an interesting target for immunotherapy (94).

Adaptive immunity, with its components B- and T-cells, is involved in pathogen clearing. T-cells are activated by antigen recognition by T-cell receptor and by costimulatory molecule, such as CD28 receptors, and may activate PI3K/Akt signaling that promotes cytokine transcription, survival, cell-cycle entry, and growth (95). Signaling by B-cell receptor (BCR) and downstream phosphorylation of ITAMs lead to NFAT activation by calcineurin, IP3, and/or PIP3, and NF-κB is activated via PKC, Ras is activated via RasGRP, and Akt is activated via PDK1 (95). Cytokine signaling regulates and mediates immunity, inflammation, and hematopoiesis. Reactome analysis also identified changes in signaling by CSF1 (macrophage colony stimulating factor, M-CSF) in myeloid cells and/or signaling by interleukins, such as IL12 signaling. Tumors frequently contain TAMs, which contribute to their development and progression and are useful in antitumoral therapy (96).

DEGs enriched in signaling pathways of gene expression (transcription) revealed RUNX1-mediated regulation of cell differentiation genes, including keratinocytes, myeloid and megakaryotic progenitors, and regulatory T and B lymphocytes (97).

The roles of transcription factors with RUNX in EMT and tumor progression should be more studied (98, 99). Transcriptional regulation by the TFAP2 family of transcription factors was found to be reduced in high-grade colorectal adenocarcinomas (100). Next, we found alterations in TP53 regulation of transcription of cell death genes with uncertain role in apoptosis. Authors found that patients with a high expression of TP53 in KRAS-positive CRC had a poor prognosis of the disease (101). An upregulation in the FOXO-mediated transcription of cell death genes was also identified in the study. FOXO transcription factors participate in cell proliferation and in cell apoptosis including the control of autophagy, metabolism, inflammation, and differentiation (102).

The alterations in transport of small molecules through transporters, such as ATP-powered pumps, ion channels, and transporters, represent the imbalance in the transport of bile salts, organic acids, metal ions, and amine compounds, and subsequent organic cation transport and/or organic cation/anion/zwitterion transport, and metal ion SLC transporters, and protein localization and mitochondrial protein import. It was proven that KRAS mutations in CRC cells correlate with the higher amino acid uptake when compared to KRAS wild-type colorectal cells (103).





5 Conclusion

The understanding of pathology and altered gene expression of CRC would help to identify the key point in treatment selection, monitoring, and prevention of disease relapse. Our data may partially contribute to clarifying the function of the immune system in the TME of CRC.

The difference between CRC and control adjacent tissue identified the main altered pathways in CRC. A significant participation of tumor-associated macrophages was seen in TME. The initiation of the inflammatory response likely plays the role in altered gene expression of TP53, and the accumulation of other gene mutations probably affects subsequent errors in DNA repair and cell cycle pathways. The in silico analysis revealed the changes at the level of surface receptors of epithelial or immune cells through which they interact with the colonizing microbiome. The subsequent reaction of macrophages supports the immune response and inflammation; the permanent production of proinflammatory cytokines and chemokines leads to further changes in cellular pathways. The emergence of mutations and the selection of tumor clones with blocked apoptosis allow mistakes in the cell cycle and accumulation of mutations and uncontrolled proliferation of tumor cells.

Analysis of metastatic tumor tissues compared to the primary tumor showed persistent changes in the expression of cellular surface receptors, chronic inflammation, and the presence of proinflammatory cytokines (e.g., IL-17) and changes in downstream signaling pathways (TGF-β and MAPK signaling). The main finding was the influence of the immune system to signal transduction pathways that may be linked to the activity of tumor-associated macrophages. Unfortunately, this study does not analyze secondary metastatic tumors. Therefore, the study does not reflect the clonal evolution and associated signaling pathways that lead to detachment of specific tumor cell. We indicate only basic molecular pathways that enabled the formation of metastatic cancer stem cells.

KRAS mutations also affected signal transduction pathways, particularly Notch1 and Wnt signaling pathways, the innate and adaptive immune system, and cytokine production. The gene expression level was mainly affected by RUNX1-mediated regulation of cellular differentiation and by regulation of TP53 transcription.

A precise identification of signaling pathways responsible for CRC may help in the selection of personalized pharmacological treatment because many targeted therapies to specific cancers have been developed.
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Population Incidence, % Reference

Egyptians 37.0 (80)
Europeans

Greece 50

Romania 211 (81)

Germany 237 (82)

Scandinavia 7.0 (83)

The Netherlands 35 (84)
UK 229 (85)
African Americans 12.0-45.0 (86, 87)
Caucasian Americans 19.0 (88)
US Latino/Hispanic individuals 13.0 (89)
Mexicans 21.3-27.1 (90, 91)
Japanese 4.0-20.0 (92, 93)
Chinese 5.0-15.0 (94-96)
Koreans 16.0 (97)

Indians 1.0-29.5 (98-101)
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Method Application AUC (95% CI) Reference
Al-based MSI/dMMR detector trained using routine pathology slides from Rule-out test for predicting MSS/pMMR and 0.96 (0.94-0.98) (50)
eight multicenter cohorts identifying patients with CRC for whom molecular
MSI testing is not required
Pathomics-based deep learning model trained using histological data from Prediction of MSI status from histopathology TCGA cohort: (51)
TCGA and an Asian CRC cohort images 0.8848 (0.8185-
0.9512)
Asian CRC cohort:
0.8504 (0.7591-
0.9323)
Self-supervised deep learning model that was trained using histology images ~ Prediction of MSI status from histology slides 0.92 (0.84-0.99) (52)
from TCGA
Convolutional neural network-based algorithm Prediction of TMB-H status (defined as MSI-H, 0.934 (0.835-0.981 (53)
high TMB, or both) from H&E-stained slides of
CRC tissues
Serum CEA levels Prediction of dMMR status in patients with CRC 0.546 (54)
Serum CA 72-4 levels Prediction of dMMR status in patients with CRC 0.583 (54)
Combination of serum levels of CA 72-4 and CEA with patient age, Prediction of dMMR status in patients with CRC 0.849 (54)
histology type, tumor size, tumor location, degree of differentiation, LN
metastasis, and peripheral nerve invasion
Age, tumor diameters, histology, tumor location, perineural invasion, the Prediction of dMMR status in patients with CRC Primary cohort: (55)
number of sampled LNs and positive LNs 0.756 (0.722-0.789
Validation cohort:
0.754 (0.715-0.793
Combination of serum levels of CA 72-4 and CEA with age, tumor Prediction of dMMR status in patients with CRC Primary cohort: (55)
diameters, histology, tumor location, perineural invasion, the number of 0.805 (0.774-0.835)
sampled LNs, and positive LNs Validation cohort:
0.796 (0.758-0.835)
CT-based nomogram consisting of six radiomic features and 11 clinical Prediction of MSI status in patients with stage II 0.752 (56)
characteristics CRC
Preoperative triphasic enhanced CT radiomics signatures consisting of 32 Prediction of MSI status in patients with CRC Primary cohort: (57)
features 0.898 (0.860-0.937)
Validation cohort:
0.964 (0.919-1.000)
Nomogram integrating clinical, pathological, and radiomics data Prediction of MSI status in patients with rectal 0.757 (0.726-0.787 (58)
cancer
Machine learning model trained using both tumoral and peritumoral Prediction of MSI status in patients with rectal Primary cohort: (59)
radiomic signatures cancer 0.817 (0.772-0.856)
Validation cohort:
0.726 (0.648-0.796)
Model integrating six MRI-derived radiomic features and clinical Preoperative prediction of MSI status in patients 0.895 (0.838-0.938 (60)

characteristics

with rectal cancer

Al artificial intelligence; AUC, area under the curve; CEA, carcinoembryonic antigen; CRC, colorectal cancer; CT, computed tomography; H&E, hematoxylin and eosin; LN, lymph node; MRI, magnetic
resonance imaging; MSI-H/dMMR CRC, microsatellite instability-high/deficient mismatch repair colorectal cancer; MSI, microsatellite instability; MSS, microsatellite stable; pMMR, mismatch repair
proficient; TCGA, The Cancer Genome Atlas.





OPS/images/fimmu.2022.1019582/table2.jpg
Genetic alteration Mutation Frequency, % Reference

MSI-H CRC MSS CRC
TP53 loss 31.6 46.4 (63)
KRAS mutations 36.8 23 (63)
BRAF-V600E mutation 36.8 1.0 (63)
Cytokeratin 7 loss 94* 61° (64)
Cytokeratin 20 loss 30" 7 (64)
CTNNBI mutations 10 0.7 (65)
HNFIA mutations 32 0.2 (65)
BRCAI mutations 19 5 (65)
BRCA2 mutations 50 14 (65)
Thymidylate synthase upregulation 85 31 (65)
PTEN upregulation 71 48 (65)
HER2 mutations 5.6 37 (66)

“Tumors harbored BRAF mutations.
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Gene Importance

1 TNFRSF4 0915
2 IRF7 0.720
3 IL6R 0.678
4 NR3C1 0.501
§ EIF2AK2 0434
6 MIF 0.264
7 CCL5 0.209
8 TNESF10 0.123
9 CCL20 0.114
| 10 CXCL11 0.112
11 RIPK2 0.095
12 CCR4 0.005
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Cancer vs. control tissue

Metastatic vs. primary CRC

KRAS-positive vs. KRAS-negative CRC

p-value p-value p-value
BLNK <0.001 0517 0.055
CCR4 0278 0550 0.281
ILR6 <0.001 0.107 1.000
MICB 0.044 0.977 0.050
RIPK2 <0.001 0.318 0.723
TNFSF10 <0.001 0318 0.072

CRG, colorectal cancer; KRAS, Kirsten rat sarcoma virus mutation positive; BLNK, B-cell linker; CCR4, C-C Motif Chemokine Receptor 4; ILR6, interleukin 6 (IL6) receptor complex; MICB,
MHC dlass I polypeptide-related sequence B; RIPK2, receptor interacting serine/threonine kinase 2; TNESF10, TNF superfamily member 10.
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Identifier Regulation LogFC Identifi Regulation LogFC p-value
ELK1 Up 369.89 <0.001 IRF7 Down ~1,359.67 <0.001
CDK2 Up 560.34 <0.001 IL6R Down -364.34 0.003
MYC Up 2001.07 <0.001 IFIT2 Down 0 -412.10 0.003
GP1 Up 6,285.67 <0.001 NFKBIA Down -13,101.91 0.004
MIF Up 34,409.42 <0.001 NR3C1 Down -842.99 0.006
RIPK2 Up 597.92 <0.001 TP53INP1 Down -1,178.21 0.006
CD47 Up 2,780.45 <0.001 TNFSF10 Down -2,888.22 0.008
IRF2BP1 Up 14278 <0.001 cCLs Down | -1,535.82 0012
CXCL3 Up 1,612.90 <0.001 ACKR2 Down [ ~115.06 0014
PRKRA Up 1,115.71 <0.001 MAF Down -1,606.18 0.015
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U-Probe is complementary to the unmethylated sequence of the GRIA4 promoter, M-Probe is complementary to the methylated sequence of the GRIA4 promoter.
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Primary tumor Liver metastases

samples samples
Patients 47 31
Females 20 8
Males 27 23
Average 66.7 (SD + 11.2) 67.6 (SD +9.1)
age
BMI 27.6 (SD +5.3) 28.1 (SD + 4.9)
Grade
Gl1 13 1
G2 21 16
G3 9 3
G n.a. 4 11
T stage
T1 2
T2 10 5
T3 25 20
T4 10 2
T n.a. 0 3
N stage
NoO 28 7
N1 13 14
N2 6 6
N n.a. 0 4
Clinical stage
I 9 0
g 20 0
i 14 0
v 4 30

n.a, not available.
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cteristics

Age Years + SD 646+ 8.1 699 +42 624485
Gender Men 7 5 2

Women 3 2
Localization Colon 5 4

Rectum 5 3 2
Laterality’ Right-sided 2 2

Left-sided 8 6 2
Histology Adenocarcinoma, NOS 9 6 3

Mucinous adenocarcinoma 1 1 0
Neoadjuvant therapy” Yes 2 2 0

No 8 5 3
Adjuvant therapy® Yes 5 4

No 5 3 2
Relapse after liver surgery Yes 9 6 3

No 1 1 0
Reoperation feasible Yes 3 2

No 6 4 2

NA 1 1 0
Palliative therapy after liver surgery Yes 5 3 2

No 4 3

NA 1 1 0
Living status Alive 6 4 2

Dead 4 3

"Right- and left-sided primary tumors were defined as having their origin proximally or distally from the distant third of the transverse colon, respectively. 2Chemotherapy and/or targeted
therapy before CRCLM resection. *Chemotherapy after CRCLM resection. SD, standard deviation; NOS, not otherwise specified; NA, not applicable.
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Identifier Regulation Log Identifier Regulation LogFC

NR4A3 Up 11651 0.012 IL12A Down ~26.90

HAVCR2 Up ‘ 4447 0.014 NMI Down ~666.91 0043
EGR2 ) Up 68.78 | 0.014 ”HSPDI Down ~49,615.67 0057
NFATC1 Up 89.99 0.015 GZMB Down -1,050.27 0.087
FOSL1 Up 419.03 0.016 MIF Down -13,114.32 0.099
SLC11A1 Up 47.46 0.019 EGF Down -31.18 0.133
1L10 Up 34.80 0.024 XCL1 Down -23.56 0.158
ITGB2 Up 19113 0.025 HLA-G B Down ~587.70 0.183
CLEC7A ] Up 94.42 0.027 AIMP1 Down ~731.05 0.196

C5AR1 Up 132.45 0.028 CD40 Down -336.32 0.201
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Identifier Regulation LogFC Identifier REIEN ogFC p-value
CEBPB Up 1398.57 0.007 TAP1 Down ~2,113.43 <0.001
RORA Up 52898 0.007 0AS1 Down ~1425.43 <0.001
IFI30 Up 5470.27 0.009 TAPBP Down ~1487.27 <0.001
NFKBIA Up 7301.55 0.013 ELK1 Down -324.75 <0.001
LY96 Up 51691 0.016 FADD Down -454.94 [ <0.001
MICA Up 405.78 0.020 CCRL2 Down -324.96 <0.001
MYD88 Up 771.50 0.027 SIGIRR Down -718.52 <0.001
cs Up 380.02 0.027 PPARG Down -251831 <0.001
HLA-DPA1 Up 5721.58 0.037 IRF2BP1 Down ~164.00 <0.001

IFITM3 Up 21922.69 0.037 PPIL2 Down —672.46 <0.001
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