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Background: The pathogenic genes of colorectal cancer (CRC) have not yet been fully elucidated, and there is currently a lack of effective therapeutic targets. This study used bioinformatics methods to explore and experimentally validate the most valuable biomarkers for colorectal cancer and further investigate their potential as targets.
Methods: We analyzed differentially expressed genes (DEGs) based on the Gene Expression Omnibus (GEO) dataset and screened out hub genes. ROC curve and univariate Cox analysis of The Cancer Genome Atlas (TCGA) dataset revealed the most diagnostically and prognostically valuable genes. Immunohistochemistry (IHC) experiments were then conducted to validate the expression level of these selected genes in colorectal cancer. Gene set enrichment analysis (GSEA) was performed to evaluate the enriched signaling pathways associated with the gene. Using the CIBERSORT algorithm in R software, we analyzed the immune infiltrating cell abundance in both high and low gene expression groups and examined the gene’s correlation with immune cells and immune checkpoints. Additionally, we performed drug sensitivity analysis utilizing the DepMap database, and explored the correlation between gene expression levels and ferroptosis based on the The Cancer Genome Atlas dataset.
Results: The study identified a total of 159 DEGs, including 7 hub genes: SPP1, MMP1, CXCL8, CXCL1, TIMP1, MMP3, and CXCL10. Further analysis revealed TIMP1 as the most valuable diagnostic and prognostic biomarker for colorectal cancer, with IHC experiments verifying its high expression. Additionally, GSEA results showed that the high TIMP1 expression group was involved in many cancer signaling pathways. Analysis of the TCGA database revealed a positive correlation between TIMP1 expression and infiltration of macrophages (M0, M1, M2) and neutrophils, as well as the expression of immune checkpoint genes, including CTLA-4 and HAVCR2. Drug sensitivity analysis, conducted using the DepMap database, revealed that colorectal cancer cell lines exhibiting elevated levels of TIMP1 expression were more responsive to certain drugs, such as CC-90003, Pitavastatin, Atuveciclib, and CT7001, compared to those with low levels of TIMP1. Furthermore, TIMP1 expression was positively correlated with that of ferroptosis-related genes, such as GPX4 and HSPA5.
Conclusion: TIMP1 can be used as a biomarker for colorectal cancer and is associated with the immunological microenvironment, drug sensitivity, and ferroptosis inhibition in this disease.
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1 INTRODUCTION
Colorectal cancer (CRC) is a malignant tumor that poses a significant threat to human life and health globally. It has one of the highest incidence and mortality rates among all cancers, ranking third and second, respectively (Sung et al., 2021). Genes play a significant role in the development and progression of CRC (Heide et al., 2022) and are closely linked to cancer pathogenesis, diagnosis, prognosis, the immune microenvironment, and drug responsiveness (Searls, 2003; Ardizzone et al., 2021; Wang et al., 2021). Therefore, correctly identifying effective therapeutic targets for CRC is crucial in enabling early diagnosis and precise management of the condition.
Currently, colonoscopy is the gold standard for diagnosing CRC (Chan and Liang, 2022), but ultimately, its diagnosis still relies on pathological and immunohistochemical results. Therefore, identifying sensitive biomarkers (such as mRNA, miRNA, etc.) in CRC tissue is crucial for the early diagnosis of CRC. Although there are numerous studies exploring biomarkers for CRC (Luo et al., 2021; Malla et al., 2022), many of them have not deeply investigated the clinical significance of genes. Thus, searching for effective biomarkers for CRC patients and exploring their clinical significance remains important and urgent.
In recent years, immunotherapy, drug sensitivity, and ferroptosis analysis have been hotspots in cancer genetics research. Studies have shown that classifying patients according to the types of immune-infiltrating cells and immune-related gene expression may be more helpful for personalized diagnosis and treatment (Bramsen et al., 2017; Pages et al., 2018). Therefore, exploring the correlation between genes and immune-infiltrating cells in CRC patients will provide more appropriate diagnostic and therapeutic guidance. The results of drug sensitivity analysis will provide patients with better drug selection options. Ferroptosis-related analysis provides a basis for studying the pathogenesis of cancer.
In this study, we employed bioinformatics techniques to identify differentially expressed genes (DEGs) that were highly expressed in CRC tissues from GEO dataset. We identified 7 hub genes through protein‒protein interaction (PPI) network analysis. Using ROC curve and univariate Cox regression analysis, we identified TIMP1 as the gene with the greatest diagnostic and prognostic value. We subsequently performed survival analysis and conducted gene set enrichment analysis (GSEA) to further investigate the role of TIMP1. We also investigated the relationship between TIMP1 and several factors, including immune infiltration, immune checkpoints, drug sensitivity, and ferroptosis. The study workflow is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Schematic diagram of the study design.
2 MATERIALS AND METHODS
2.1 Obtaining and analysing data
To obtain the gene expression matrix for CRC, we retrieved data from three cohorts (GSE110223, GSE110224, and GSE156355) available on the Gene Expression Omnibus (GEO) database at https://www.ncbi.nlm.nih.gov/geo/. These cohorts included 13, 17, and 6 CRC tissue samples, respectively, along with their corresponding adjacent normal tissues. We combined the data from these three cohorts into a single gene expression matrix using R software (version 4.2.1). For batch correction, we utilized the “ComBat” function from the “sva” package, implementing the Empirical Bayes algorithm. Additionally, we performed data normalization using the “normalizeBetweenArrays” function from the “limma” package, applying the Quantile normalization algorithm. Subsequently, hierarchical clustering was conducted using the “hclust” function from the “stats” package in R, resulting in the generation of a clustering dendrogram. Principal component analysis (PCA) was performed using the “FactoMineR” package, employing the eigendecomposition algorithm, followed by visualization with the “factoextra” package. The PCA plot provided an initial insight into the spatial distribution of cancer tissue and adjacent normal tissue samples.
2.2 Screening and analysis of DEGs
We conducted the analysis of differential gene expression using the “limma” package in R. This involved utilizing the “lmFit” function for linear modeling and the “eBayes” function for empirical Bayes statistics. DEGs were identified based on criteria of |log2FC| ≥ 1.5 and adj. p-value <0.05. To visually represent our findings, we employed two different packages: “ggplot2” to generate volcano plots and “pheatmap” to create heatmaps. Enrichment analyzes for Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways were carried out on the DEGs using the “clusterProfiler” package. We utilized the “enrichGO” function for GO analysis and the “enrichKEGG” function for KEGG analysis, both employing the hypergeometric distribution test as the statistical method. Significance thresholds were set at p-value <0.05 and q value <0.05. Subsequently, we constructed a protein-protein interaction (PPI) network for the DEGs using the STRING online database (https://cn.string-db.org/). Within this network, we identified the top 10 genes with the highest predicted PPI scores. Next, we employed the cytoHubba plugin in Cytoscape software (version 3.9.1) to rank the top 10 genes using the degree and MCC algorithms. Finally, we used the online tool VENNY 2.1, available at https://bioinfogp.cnb.csic.es/tools/venny/index.html, to create a Venn diagram illustrating the intersection of genes identified by the three algorithms. The genes present in this intersection were considered hub genes.
2.3 Identification of key genes for CRC diagnosis and prognosis in TCGA dataset
To obtain the necessary data, we accessed the TCGA database (https://cancergenome.nih.gov/) and downloaded gene expression and clinical information. The samples analyzed in this study were derived from the TCGA-COAD and TCGA-READ projects, which included a total of 635 samples. Specifically, there were 584 cancer tissue samples and 51 normal control tissue samples, with 48 of the cancer tissue samples being paired with corresponding adjacent normal tissue samples. To evaluate the diagnostic performance of hub genes in CRC, we used the “pROC” package to generate receiver operating characteristic (ROC) curves for 48 paired cancer and adjacent normal tissues. Using univariate Cox analysis, we screened prognostic genes for CRC in the 584 cancer tissues. We identified TIMP1 as the most valuable gene for diagnosis and prognosis evaluation, and this finding was corroborated through a combination of ROC curve and univariate Cox regression analyzes. We analyzed the difference in TIMP1 expression between the 48 pairs of cancer and adjacent normal tissues using the Wilcoxon rank-sum test. Then, we classified the 584 CRC patients into two groups based on their TIMP1 expression levels, and used Kaplan‒Meier curves to examine the differences in survival rates between them.
2.4 Immunohistochemical validation of experimental findings
The CRC tissue microarray (HColA160CS01) used in this study was acquired from Shanghai Outdo Biotech Co., Ltd. It consisted of 80 CRC tissue samples and their corresponding adjacent noncancerous tissues, collected from 43 male and 37 female patients with a mean age of 66 ± 12 years. The ethics committee of the company (Ethics Code: SHYJS-CP-1701008) approved the implementation of the experimental protocols. The use of tissue samples obtained informed consent from the China Human Genetic Resources Administration Office. Our study was conducted in accordance with the Declaration of Helsinki (as revised in 2013). The experimental protocol involved several steps: First, the tissue chips were subjected to baking, dewaxing, and antigen retrieval treatment. Second, we added TIMP1 primary antibody (Proteintech Cat# 16644-1-AP, RRID:AB_2878292, 1:2000) to the chip and incubated it overnight at 4 °C. Afterwards, the chip was exposed to the secondary antibody for 45 min at room temperature, followed by DAB staining and counterstaining with haematoxylin. Finally, we obtained marked images of the slides using an Aperio ScanScope XT Leica (RRID:SCR_018457). We calculated the immunohistochemistry (IHC) total score by multiplying the percentage of positively stained cells with the staining intensity of these cells. We categorized the percentage of positively stained cells into five grades: <5% (0), 5%–25% (1+), 26%–50% (2+), 51%–75% (3+), and 76%–100% (4+). Staining intensity was assessed based on four grades: no staining (0), faint yellow (1+), light brown (2+), and brown (3+). Two experienced pathologists independently interpreted the results. Finally, we analyzed the differences in scores between cancerous and adjacent noncancerous tissue samples by GraphPad Prism software (v 9.3.0).
2.5 GSEA
In this section, the TCGA cohort of CRC patients was stratified into two groups based on the median expression level of TIMP1, namely, high and low expression groups. To identify DEGs exhibiting significant variations in expression levels between these two defined groups, the “DESeq2” package was employed. This package utilizes the “DESeq” function, which leverages the negative binomial distribution algorithm to detect genes with statistically significant expression changes under the defined conditions. After identifying the DEGs, we performed a Gene Set Enrichment Analysis using the “GSEA” method from the “clusterProfiler” package in R. The reference gene set used was c2. cp.kegg.v7.5.1. entrez.gmt, with filtering criteria set at ∣NES∣≥1, p-value <0.05, and FDR <0.25.
2.6 Analysis of the immunological microenvironment
In this section, we conducted an assessment of immune cell infiltration in TCGA cancer tissue samples using the CIBERSORT algorithm, which is based on linear regression. The results of this analysis were visually represented. Subsequently, we employed the “corrplot” package to analyze the relationships among immune cells, utilizing the Pearson correlation coefficient as the statistical measure. To assess differences in immune infiltrating cells between the high and low TIMP1 expression groups within colorectal cancer tissues, we utilized the “ggboxplot” function supplemented by the “wilcox.test” method from the “ggpubr” package. Additionally, we investigated the correlation between TIMP1 expression and immune infiltrating cells using the “cor.test” function from the “stats” package, employing Spearman’s correlation coefficient, and considered statistical significance at a threshold of p < 0.05. Furthermore, we used the online platform, Assistant for Clinical Bioinformatics, which is available at https://www.aclbi.com/static/index.html #, to explore the association between TIMP1 and five commonly used immune checkpoint genes (CTLA-4, LAG3, HAVCR2, TNFSF4, and CD160) in TCGA CRC tissues. Finally, we generated box plots illustrating the expression disparities of the five genes between the TIMP1 high and low expression groups within colorectal cancer tissues using the “ggboxplot” function from the “ggpubr” package in R. The statistical analysis supporting these plots involved the application of the Wilcoxon test.
2.7 Drug sensitivity analysis
We retrieved drug response data and gene expression data for colorectal cancer cell lines from the DepMap database. Based on the median TIMP1 gene expression values, we categorized the colorectal cancer cell lines into two groups: the TIMP1 high-expression group and the TIMP1 low-expression group. We assessed the sensitivity of the cell lines to drugs using log2FC values, where smaller log2FC values indicate higher sensitivity to the drugs. To determine if there were differences in log2FC values in drug response between the two groups, we performed Mann-Whitney U tests using the “mannwhitneyu” function in Python (v 3.11.3). During the drug screening process, we ensured the simultaneous satisfaction of the following conditions: the median log2FC value for the TIMP1 high-expression group was lower than that of the low-expression group, the median log2FC value for the high-expression group was less than −1, and the Mann-Whitney U test p-value between the two cell line groups was less than 0.05.
2.8 Ferroptosis correlation analysis
We used the Assistant For Clinical Bioinformatics online platform to analyze the correlation between TIMP1 and five ferroptosis inhibitory genes (GPX4, SLC7A11, HSPA5, HSPB1, and VDAC2) in TCGA CRC tissues. Next, we employed the “ggboxplot” function from the “ggpubr” package in R software to create differential expression boxplots for these five ferroptosis inhibitory genes. These plots allowed us to examine the variation in gene expression levels between the high and low TIMP1 expression groups within colorectal cancer tissues. The statistical analysis underlying these plots was performed using the Wilcoxon test. Finally, we generated Kaplan-Meier curves for these five genes in CRC patients using the GEPIA database (http://gepia.cancer-pku.cn/) to assess their prognostic value.
2.9 Statistical methods
In this study, we employed various statistical tools and software for data analysis, including R software (v 4.2.1), Python (v 3.11.3), the STRING database (https://cn.string-db.org/), Cytoscape (v 3.9.1), GraphPad Prism software (v 9.3.0), the Assistant For Clinical Bioinformatics platform (https://www.aclbi.com/static/index.html#/), and the GEPIA database (http://gepia.cancer-pku.cn/).For statistical comparisons between two independent datasets, we applied the Wilcox statistical test. To assess variable correlations, we calculated the Pearson correlation coefficient. Survival and prognosis analysis were conducted using the log-rank test and univariable Cox regression analysis. Statistical significance was defined as p < 0.05, and we denoted significance levels as *** for p < 0.001, ** for p < 0.01, and * for p < 0.05.
3 RESULTS
3.1 GEO dataset integration and analysis
After combining three gene expression matrices, a total of 36 cancer tissues and 36 adjacent normal tissues were included. Batch correction and normalization were performed, followed by cluster analysis and principal component analysis. The results showed good intragroup sample correlation, with differences observed between intergroup samples (Figures 2A–C).
[image: Figure 2]FIGURE 2 | Data processing and initial analysis of merged GSE110223,GSE110224,andGSE156355 datasrts, (A) Cancerous and adjacent non-cancerous tissue samples after batch correction and normalization, (B) Clustering dendrogram of cancerous and adjacent non-cancerous tissue samples, (C) Principal component analysis plot of cancerous and adjacent non-cancerous tissue samples.
3.2 Screening DEGs in the GEO dataset
In this study, 159 DEGs were screened, including 53 upregulated genes and 106 downregulated genes (Figures 3A, B). Comprehensive details regarding these DEGs can be found in the supplementary document attached to this paper. GO analysis (Figure 3C) unveiled the involvement of DEGs in various vital biological processes, including the regulation of hormone levels, chemokine-mediated signaling pathways, and neutrophil migration. They were also enriched in cellular components such as apical plasma membranes, microvilli and microvillus membranes, extracellular matrix, and basal plasma membranes. Furthermore, the DEGs were found to be associated with molecular functions such as chemokine activity, cytokine activity and receptor ligand activity. The KEGG analysis indicated that the DEGs played crucial roles in essential pathways, such as the chemokine signaling pathway, PPAR signaling pathway, and IL-17 signaling pathway (Figure 3D). After intersecting the results based on the PPI, degree, and MCC algorithms, 7 hub genes were identified: SPP1, MMP1, CXCL8, CXCL1, TIMP1, MMP3, and CXCL10 (Figure 3E).
[image: Figure 3]FIGURE 3 | Visualization of 159 DEGs, (A) The volcano plot of 159 DEGs (orange dots indicate upregulated genes and blue dots indicate downregulated genes), (B) The heatmap of 159 DEGs (orange indicates high gene expression and blue indicates low gene expression), (C) GO enrichment analysis of 159 DEGs, (D) KEGG enrichment analysis of 159 DEGs, (E) Identification of hub genes from 159 DEGs using different algorithms.
3.3 Diagnostic and prognostic insights of TIMP1 in TCGA CRC analysis
The area under the ROC curve (AUC) values for SPP1, MMP1, CXCL8, CXCL1, TIMP1, MMP3, and CXCL10 were 0.907, 0.936, 0.895, 0.905, 0.960, 0.947, and 0.788, respectively (Figure 4A). Notably, TIMP1 exhibited the highest AUC value, indicating its significant diagnostic value. By applying a screening threshold of p < 0.05 and conducting univariate Cox regression analysis, we identified prognostic genes for CRC, which included TIMP1, CXCL1, MMP1, and MMP3 (Figure 4B). Importantly, TIMP1 showed the strongest correlation with poor prognosis (HR = 1.451, p = 0.001). Given TIMP1’s substantial diagnostic and prognostic value, we conducted a comprehensive investigation into its expression. We observed elevated expression of TIMP1 in cancerous tissue samples from the TCGA database compared to adjacent normal tissue samples (Figure 4C). Furthermore, high TIMP1 expression was associated with shorter overall survival time in CRC patients when compared to those with low TIMP1 expression (Figure 4D).
[image: Figure 4]FIGURE 4 | Diagnostic and prognostic value analysis of TIMP1 in TCGA dataset, (A) ROC curves and AUC values for seven hub genes, (B) Univariate Cox regression analysis of seven hub genes, (C) Expression of TIMP1 in cancer and adjacent normal tissue in the TCGA dataset, (D) Survival differences between high and low expression groups of TIMP1 in the TCGA dataset.
3.4 Immunohistochemical validation of TIMP1 expression
We employed IHC methods to assess TIMP1 expression in 80 pairs of CRC tissues and adjacent normal tissues. Ultimately, a total of 71 pairs of tissues were included in the statistical analysis. Our findings revealed a significant upregulation of TIMP1 in CRC tissues compared to their normal counterparts, as visually represented in Figures 5A–C. These results strongly support the potential of TIMP1 as a biomarker for the diagnosis and prognosis of CRC.
[image: Figure 5]FIGURE 5 | TIMP1 expression in CRC tissues and adjacent normal tissues, (A) IHC staining of TIMP1 protein in CRC tissues, (B) IHC staining of TIMP1 protein in adjacent normal tissues, (C) Semi-quantitative analysis of TIMP1 protein in CRC tissues and adjacent normal tissues by IHC experiments.
3.5 GSEA
GSEA revealed the pathogenic mechanisms of TIMP1. Our findings indicate that in CRC patients with high TIMP1 expression, the top five enriched pathways identified by pathway analysis were ecm receptor interaction, cell adhesion molecules, focal adhesion, cytokine-cytokine receptor interaction, and olfactory transduction (Figure 6). Notably, olfactory transduction was a downregulated pathway, while the remaining pathways were upregulated.
[image: Figure 6]FIGURE 6 | Single-Gene GSEA analysis of TIMP1.
3.6 TIMP1-associated immune landscape in colorectal cancer
Using CIBERSORT analysis to assess immune infiltration in CRC tissues from TCGA, we observed variations in the proportions of 22 immune cell types among CRC tissue samples (Figure 7A). In the immune cell correlation matrix (Figure 7B), we noted a significant positive correlation (r = 0.38) between activated NK cells and resting mast cells, while a notable negative correlation (r = −0.44) was found between CD8 T cells and resting memory CD4 T cells. In CRC tissues, higher TIMP1 expression was associated with increased infiltration of M0, M1, and M2 macrophages, as well as neutrophils, but decreased infiltration of monocytes, dendritic cells, memory CD4 T cells, plasma cells, memory B cells, and naive B cells compared to those with lower TIMP1 expression (Figure 7C). Correlation analysis between genes and immune cells indicated a positive association between TIMP1 and the infiltration of M0, M1, and M2 macrophages, neutrophils, as well as CD8 T cells (Figure 7D). Moreover, we observed that TIMP1 expression showed a favorable correlation with the expression of several immune checkpoint genes, including CTLA-4, HAVCR2, LAG3, and TNFSF4 (Figure 7E; Table 1). Differential expression analysis also revealed an increase in the expression of CTLA-4, HAVCR2, LAG3, and TNFSF4 in CRC tissues with high TIMP1 expression (Figure 7F).
[image: Figure 7]FIGURE 7 | The analysis of the immune microenvironment in CRC tissues from TCGA database, (A) Relative proportions of 22 immune cell subtypes in 584 samples analyzed by CIBERSORT algorithm, (B) Correlation matrix of immune cell infiltration levels in CRC tissue samples, (C) Variations in the 22 subtypes of immune cells in CRC tissues with high and low expression of TIMP1, (D) Correlation between TIMP1 expression levels and relative proportions of 11 immune cell types in CRC tissues, (E) Association between TIMP1 expression and five commonly expressed immune checkpoint-related genes in CRC using TCGA dataset, (F) Differential expression of five immune checkpoint-related genes in CRC tissues with high and low expression of TIMP1.
TABLE 1 | Association between TIMP1 expression and immune checkpoint-related genes.
[image: Table 1]3.7 Drug sensitivity analysis
Through an exploration of the DepMap database, we conducted a comprehensive investigation into the pharmacological sensitivity of colorectal cancer cell lines, stratified based on the varying expression levels of the TIMP1 gene. Our rigorous inquiry revealed a compelling discovery: colorectal cancer cell lines with elevated TIMP1 expression exhibited significantly increased responsiveness to a selection of ten distinct pharmacological agents (log2FC < −1). In contrast, their counterparts in the TIMP1 downregulated cohort showed comparatively reduced susceptibility to the same spectrum of therapeutic compounds. Importantly, the difference in pharmacological sensitivity between these two distinct clusters demonstrated statistical significance (p < 0.05). This curated collection of ten pharmacological agents includes CCT196969, SBI-115, APY-29, BAY-2402234, pitavastatin, tolonium, CC-90003, atuveciclib, CT7001, and inarigivir (Figure 8).
[image: Figure 8]FIGURE 8 | Drug sensitivity differences between CRC cell lines with high and low expression of TIMP1.
3.8 The association between TIMP1 and ferroptosis
We conducted an analysis of the relationship between TIMP1 and common ferroptosis-related genes in CRC tissues from TCGA. Our results demonstrated a positive correlation between TIMP1 expression and the expression of GPX4, HSPA5, and HSPB1 (Figure 9A; Table 2). Differential expression analysis further revealed increased expression of GPX4, HSPA5, and HSPB1 in CRC tissues with high TIMP1 expression, as depicted in Figure 9B. When analyzing the expression levels of genes related to ferroptosis (Figure 9C), it was observed that high GPX4 expression in CRC patients was significantly associated with a poorer survival outcome compared to low expression (p = 0.026). Although the survival analysis of HSPB1 did not demonstrate a statistically significant difference (p = 0.093), it suggested a trend toward a poorer prognosis. We utilized the online tools Assistant For Clinical Bioinformatics and the GEPIA database to perform the aforementioned analyses.
[image: Figure 9]FIGURE 9 | Association between TIMP1 expression and ferroptosis-related genes, (A) Association between TIMP1 expression and five commonly expressed ferroptosis-related genes in CRC using TCGA dataset, (B) Differential expression of five ferroptosis-related genes in CRC tissues with high and low expression of TIMP1, (C) Kaplan-Meier curves for GPX4,HSPA5,HSPB1,SLC7A11, and VDAC2.
TABLE 2 | Association between TIMP1 expression and ferroptosis-related genes.
[image: Table 2]4 DISCUSSION
CRC development and progression are influenced by gene expression levels (Chen et al., 2019), suggesting that certain genes may serve as effective diagnostic and therapeutic targets. The pivotal role of TIMP1 in colorectal cancer has been confirmed, as indicated by Beibei Ma et al., who demonstrated its promotion of right-sided CRC cell proliferation and invasion through the activation of the FAK and Akt signaling pathways (Ma et al., 2022). However, for a comprehensive understanding of the unique significance of TIMP1 in colorectal cancer development, systematic bioinformatics analysis is required to delve deeper into its role in the cancer progression. In this study, we conducted differential gene expression analysis on three GEO datasets and confirmed SPP1, MMP1, CXCL8, CXCL1, TIMP1, MMP3, and CXCL10 as core regulatory genes in colorectal cancer through a protein-protein interaction network (Yu et al., 2019). While previous bioinformatics studies typically analyze these regulatory genes as a collective entity, our research adopted a distinct approach, conducting a detailed comparative analysis of these seven genes. ROC curve analysis revealed that TIMP1 exhibited greater precision in distinguishing colorectal cancer tumor tissues from adjacent normal tissues. Additionally, univariate Cox analysis results indicated that TIMP1’s prognostic capability significantly surpassed that of other genes. Consequently, we conclude that TIMP1 holds the highest potential value in the diagnosis and prognosis of colorectal cancer. Our study employed rigorous and systematic screening methods to enhance the credibility of TIMP1’s critical role in colorectal cancer diagnosis and prognosis.
TIMP1 belongs to the family of tissue inhibitors of metalloproteinases (MMPs). Previous studies have demonstrated that extracellular vesicles expressing high levels of TIMP1 can promote distant metastasis in CRC by inducing extracellular matrix (ECM) remodeling (Song et al., 2016; Rao et al., 2022). However, there has been limited research focusing on the other biological functions of TIMP1. In this study, we conducted GSEA of DEGs between CRC tissues with high TIMP1 expression and those with low TIMP1 expression. Our research revealed that TIMP1-associated genes were not only enriched in ECM remodeling but also in cell adhesion molecules (CAMs), focal adhesion, and cytokine-cytokine receptor interactions. While existing studies indirectly suggest that these biological functions are associated with cancer proliferation and metastasis (Araujo et al., 2022; Sowparani et al., 2022; Zhang et al., 2022), they do not specifically address their relationship with TIMP1. Our innovative study deepens the understanding of the functional connections between TIMP1 and the mechanisms underlying cancer pathogenesis.
Recent research has indicated that different types of cancers exhibit distinct patterns of immune cell infiltration, which is closely associated with patients’ chances of receiving immunotherapy (Bai et al., 2021). Furthermore, immune cell infiltration is closely linked to genetics (Liu et al., 2021). Therefore, we employed the CIBERSORT algorithm to investigate the correlation between TIMP1 and immune cell infiltration in CRC patients. Our findings reveal that in CRC tissues with high TIMP1 expression, there is a significant increase in the infiltration of macrophages and neutrophils, suggesting a potentially pivotal role for TIMP1 in immune microenvironment modulation. Based on our discoveries, macrophages can be categorized into M1 and M2 types, where M1 macrophages secrete anti-tumor factors (Jarosz-Biej et al., 2018; Han et al., 2022), while M2 macrophages’ factors may facilitate the progression of colorectal cancer (Zhu et al., 2022). Specifically, in CRC tissues with high TIMP1 expression, there is a higher proportion of M2 macrophage infiltration, implying that TIMP1 may promote the development of colorectal cancer by increasing M2 macrophage infiltration. This study represents the first attempt to stratify immune cell infiltration in CRC patients based on TIMP1 expression levels. Additionally, immune checkpoint blockade is a current focal point in cancer research, as the abnormal activation of immune checkpoint molecules can enable tumor cells to evade immune attacks (Kanani et al., 2021). Prior research did not provide direct evidence of the association between TIMP1 and abnormally activated immune checkpoint molecules. However, our study is the first to confirm a significant positive correlation between TIMP1 expression and various immune checkpoint markers, such as CTLA-4, HAVCR2, LAG3, and TNFSF4. This finding suggests that TIMP1 may play a crucial role in immune regulation.
Considering the significant potential of TIMP1 in the diagnosis and prognosis of colorectal cancer, it is crucial to determine whether it can serve as a viable drug target. However, the current research on TIMP1’s drug potential remains insufficient. Therefore, we utilized the DepMap database to predict which drugs might be more effective in treating colorectal cancer patients with high TIMP1 expression. Our research suggests potential inhibitory effects of CC-90003 and Pitavastatin on colorectal cancer cells. CC-90003, a covalent ERK1/2 inhibitor, disrupts signaling pathways and impacts cell growth and survival, particularly in KRAS-mutant cells (Aronchik et al., 2019), indicating its therapeutic potential in colorectal cancer. Pitavastatin has demonstrated an impact on colorectal cancer behavior by enhancing apoptosis and inhibiting autophagy (Tilija Pun et al., 2022). In addition, Atuveciclib, a selective PTEFb/CDK9 inhibitor, and CT7001, a selective CDK7 inhibitor, are emerging as potential cancer treatment options, as they have entered clinical trials (Lucking et al., 2017; Sava et al., 2020). While their effects on colorectal cancer cells are not-well documented in the current literature, their underlying mechanisms make them promising candidates for therapy. Furthermore, CCT196969, SBI-115, and BAY 2402234 have demonstrated inhibition of melanoma, pancreatic cancer, and myeloid malignancies (Christian et al., 2019; Lei et al., 2022; Reigstad et al., 2022). However, their efficacy against colorectal cancer cells requires further validation due to the diverse behavior of different cancer types. Notably, the roles of Inarigivir, APY-29, and tolonium in cancer therapy remain unexplored in existing literature, necessitating more research to explore their potential applications. There is currently no evidence to suggest a direct association between the mentioned drug mechanisms and TIMP1. However, our innovative research suggests a potential synergistic interaction between TIMP1 and these mechanisms.
Recent cancer research has placed significant focus on ferroptosis, a programmed cell death pathway, which plays a pivotal role in inhibiting tumor growth. Previous studies have indicated that the loss of TIMP1 reduces GPX4 levels, leading to an increase in sorafenib-induced ferroptosis (Wang et al., 2023). Despite these findings, direct evidence linking TIMP1 to other common ferroptosis-related genes has been lacking. Therefore, our study analyzed the expression correlation between TIMP1 and five common ferroptosis-related genes. The research outcomes demonstrate a positive correlation between TIMP1 and GPX4, HSPA5, and HSPB1. GPX4 is a protein associated with poor prognosis, potentially inhibiting ferroptosis in colon cancer cells through specific signaling pathways and interacting synergistically with HSPA5 (Yang et al., 2021; Wang et al., 2022). These findings suggest that the high expression of TIMP1 may interact with GPX4 and HSPA5, making colorectal cancer cells more resistant to ferroptosis. The specific role of HSPB1 in ferroptosis in CRC cells remains unclear, but studies have suggested that the expression of HSPB1 can inhibit ferroptosis in other cancer cells (Sun et al., 2015). While our research has not delved deeply into ferroptosis, these results provide a more comprehensive analysis. Importantly, the association between TIMP1 and ferroptosis-related genes further supports TIMP1 as a potential target for cancer treatment.
In summary, the innovation of our study lies in the rigorous application of bioinformatics analysis methods, which enabled the identification of the TIMP1 gene with the greatest potential within colorectal cancer tissues. We further investigated the relationship between TIMP1 gene expression levels and immune microenvironment, drug sensitivity, and iron death. Our research in these areas demonstrates a high degree of innovation in the study of TIMP1. Nevertheless, we must acknowledge that our study has certain limitations. First, we sourced data for our analysis from public databases, which implies that we were unable to control for the geographic origins and sample types of our data sources. Consequently, the applicability of our research findings may be somewhat limited. Second, in our investigations of immune checkpoints and ferroptosis, we have only provided preliminary indications of a possible association between TIMP1 and these processes. Moreover, further comprehensive investigation is needed to elucidate the precise working mechanisms of TIMP1. Finally, drawing from the existing literature, we constructed the PPI network using the DEGs within this context. We acknowledge that changes in RNA expression do not always directly correlate with protein abundance due to post-transcriptional and translational regulations. However, despite being influenced by these regulatory complexities, these variations can still offer valuable insights into potential biological processes and pathways to a certain extent. Further validation and improvement of these findings will necessitate additional experiments and more comprehensive empirical research.
5 CONCLUSION
In this study, we employed rigorous and scientifically sound methods for data analysis and experimental validation to confirm the significance of TIMP1 in CRC. Furthermore, we explored the association between TIMP1 and key factors such as immune infiltration, immune checkpoints, drug sensitivity, and ferroptosis. Our study reveals that TIMP1 plays a central role in modulating the CRC immune microenvironment by promoting the infiltration of diverse macrophage subpopulations and neutrophils and collaborates with immune checkpoints to regulate patients’ immune responses. Moreover, our results indicate that high TIMP1 expression is associated with sensitivity to ten different drugs and can inhibit CRC cell ferroptosis through the transcriptional activation of genes including GPX4 and HSPA5. Overall, these findings highlight TIMP1 as a valuable diagnostic and prognostic marker for CRC, with a diverse range of biological functions. While TIMP1 may not be a novel biomarker for CRC, our study contributes to a more comprehensive understanding of its biological roles.
DATA AVAILABILITY STATEMENT
The original contributions presented in the study are included in the article/supplementary material, further inquiries can be directed to the corresponding author.
ETHICS STATEMENT
The studies involving humans were approved by the ethics committee of Shanghai Outdo Biotech Co., Ltd. The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study.
AUTHOR CONTRIBUTIONS
XQ: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Methodology, Resources, Software, Supervision, Validation, Visualization, Writing–original draft, Writing–review and editing. GQ: Data curation, Formal Analysis, Methodology, Software, Supervision, Validation, Visualization, Writing–review and editing. WO: Data curation, Formal Analysis, Methodology, Software, Supervision, Validation, Visualization, Writing–review and editing. PW: Data curation, Methodology, Visualization, Writing–review and editing, Formal Analysis, Supervision, and Validation. XH: Data curation, Software, Validation, Visualization, Writing–review and editing. XL: Formal Analysis, Investigation, Validation, Visualization, Writing–review and editing. YS: Data curation, Methodology, Validation, Visualization, Writing–review and editing. WY: Data curation, Formal Analysis, Investigation, Software, Validation, Writing–review and editing. JW: Data curation, Methodology, Software, Visualization, Writing–review and editing. XW: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Software, Supervision, Validation, Visualization, Writing–original draft, Writing–review and editing.
FUNDING
The author(s) declare financial support was received for the research, authorship, and of this article. This research was funded by the Startup Fund for scientific research, Fujian Medical University (Grant number:2019QH1242).
ACKNOWLEDGMENTS
We would like to express our gratitude to Shanghai Outdo Biotech Co., Ltd. for their valuable support and assistance in conducting the experiments for this study. Their professional services and collaboration have been instrumental in facilitating our research. The support provided by Shanghai Outdo Biotech Co., Ltd. has been essential in enabling smooth execution of various experimental procedures. We sincerely appreciate their contributions and assistance throughout the course of this research.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
REFERENCES
 Araujo, A. M., Abaurrea, A., Azcoaga, P., Lopez-Velazco, J. I., Manzano, S., Rodriguez, J., et al. (2022). Stromal oncostatin M cytokine promotes breast cancer progression by reprogramming the tumor microenvironment. J. Clin. Invest. 132 (7), e148667. doi:10.1172/JCI148667
 Ardizzone, A., Calabrese, G., Campolo, M., Filippone, A., Giuffrida, D., Esposito, F., et al. (2021). Role of miRNA-19a in cancer diagnosis and poor prognosis. Int. J. Mol. Sci. 22 (9), 4697. doi:10.3390/ijms22094697
 Aronchik, I., Dai, Y., Labenski, M., Barnes, C., Jones, T., Qiao, L., et al. (2019). Efficacy of a covalent ERK1/2 inhibitor, CC-90003, in KRAS-mutant cancer models reveals novel mechanisms of response and resistance. Mol. Cancer Res. 17 (2), 642–654. doi:10.1158/1541-7786.MCR-17-0554
 Bai, Z., Zhou, Y., Ye, Z., Xiong, J., Lan, H., and Wang, F. (2021). Tumor-infiltrating lymphocytes in colorectal cancer: the fundamental indication and application on immunotherapy. Front. Immunol. 12, 808964. doi:10.3389/fimmu.2021.808964
 Bramsen, J. B., Rasmussen, M. H., Ongen, H., Mattesen, T. B., Orntoft, M. W., Arnadottir, S. S., et al. (2017). Molecular-subtype-specific biomarkers improve prediction of prognosis in colorectal cancer. Cell Rep. 19 (6), 1268–1280. doi:10.1016/j.celrep.2017.04.045
 Chan, S. C. H., and Liang, J. Q. (2022). Advances in tests for colorectal cancer screening and diagnosis. Expert Rev. Mol. Diagn 22 (4), 449–460. doi:10.1080/14737159.2022.2065197
 Chen, L., Lu, D., Sun, K., Xu, Y., Hu, P., Li, X., et al. (2019). Identification of biomarkers associated with diagnosis and prognosis of colorectal cancer patients based on integrated bioinformatics analysis. Gene 692, 119–125. doi:10.1016/j.gene.2019.01.001
 Christian, S., Merz, C., Evans, L., Gradl, S., Seidel, H., Friberg, A., et al. (2019). The novel dihydroorotate dehydrogenase (DHODH) inhibitor BAY 2402234 triggers differentiation and is effective in the treatment of myeloid malignancies. Leukemia 33 (10), 2403–2415. doi:10.1038/s41375-019-0461-5
 Han, Y., Sun, J., Yang, Y., Liu, Y., Lou, J., Pan, H., et al. (2022). TMP195 exerts antitumor effects on colorectal cancer by promoting M1 macrophages polarization. Int. J. Biol. Sci. 18 (15), 5653–5666. doi:10.7150/ijbs.73264
 Heide, T., Househam, J., Cresswell, G. D., Spiteri, I., Lynn, C., Mossner, M., et al. (2022). The co-evolution of the genome and epigenome in colorectal cancer. Nature 611 (7937), 733–743. doi:10.1038/s41586-022-05202-1
 Jarosz-Biej, M., Kaminska, N., Matuszczak, S., Cichon, T., Pamula-Pilat, J., Czapla, J., et al. (2018). M1-like macrophages change tumor blood vessels and microenvironment in murine melanoma. PLoS One 13 (1), e0191012. doi:10.1371/journal.pone.0191012
 Kanani, A., Veen, T., and Soreide, K. (2021). Neoadjuvant immunotherapy in primary and metastatic colorectal cancer. Br. J. Surg. 108 (12), 1417–1425. doi:10.1093/bjs/znab342
 Lei, Y., Li, G., Li, J., Gao, S., Lei, M., Gong, G., et al. (2022). Investigation of the potential role of TGR5 in pancreatic cancer by a comprehensive molecular experiments and the liquid chromatography mass spectrometry (LC-MS) based metabolomics. Discov. Oncol. 13 (1), 46. doi:10.1007/s12672-022-00504-2
 Liu, J., Huang, X., Liu, H., Wei, C., Ru, H., Qin, H., et al. (2021). Immune landscape and prognostic immune-related genes in KRAS-mutant colorectal cancer patients. J. Transl. Med. 19 (1), 27. doi:10.1186/s12967-020-02638-9
 Lucking, U., Scholz, A., Lienau, P., Siemeister, G., Kosemund, D., Bohlmann, R., et al. (2017). Identification of atuveciclib (BAY 1143572), the first highly selective, clinical PTEFb/CDK9 inhibitor for the treatment of cancer. ChemMedChem 12 (21), 1776–1793. doi:10.1002/cmdc.201700447
 Luo, X. J., Zhao, Q., Liu, J., Zheng, J. B., Qiu, M. Z., Ju, H. Q., et al. (2021). Novel genetic and epigenetic biomarkers of prognostic and predictive significance in stage II/III colorectal cancer. Mol. Ther. 29 (2), 587–596. doi:10.1016/j.ymthe.2020.12.017
 Ma, B., Ueda, H., Okamoto, K., Bando, M., Fujimoto, S., Okada, Y., et al. (2022). TIMP1 promotes cell proliferation and invasion capability of right-sided colon cancers via the FAK/Akt signaling pathway. Cancer Sci. 113 (12), 4244–4257. doi:10.1111/cas.15567
 Malla, M., Loree, J. M., Kasi, P. M., and Parikh, A. R. (2022). Using circulating tumor DNA in colorectal cancer: current and evolving practices. J. Clin. Oncol. 40 (24), 2846–2857. doi:10.1200/JCO.21.02615
 Pages, F., Mlecnik, B., Marliot, F., Bindea, G., Ou, F. S., Bifulco, C., et al. (2018). International validation of the consensus immunoscore for the classification of colon cancer: A prognostic and accuracy study. Lancet 391 (10135), 2128–2139. doi:10.1016/S0140-6736(18)30789-X
 Rao, V. S., Gu, Q., Tzschentke, S., Lin, K., Ganig, N., Thepkaysone, M. L., et al. (2022). Extravesicular TIMP-1 is a non-invasive independent prognostic marker and potential therapeutic target in colorectal liver metastases. Oncogene 41 (12), 1809–1820. doi:10.1038/s41388-022-02218-9
 Reigstad, A., Herdlevaer, C. F., Rigg, E., Hoang, T., Bjornstad, O. V., Aasen, S. N., et al. (2022). CCT196969 effectively inhibits growth and survival of melanoma brain metastasis cells. PLoS One 17 (9), e0273711. doi:10.1371/journal.pone.0273711
 Sava, G. P., Fan, H., Coombes, R. C., Buluwela, L., and Ali, S. (2020). CDK7 inhibitors as anticancer drugs. Cancer Metastasis Rev. 39 (3), 805–823. doi:10.1007/s10555-020-09885-8
 Searls, D. B. (2003). Pharmacophylogenomics: genes, evolution and drug targets. Nat. Rev. Drug Discov. 2 (8), 613–623. doi:10.1038/nrd1152
 Song, G., Xu, S., Zhang, H., Wang, Y., Xiao, C., Jiang, T., et al. (2016). TIMP1 is a prognostic marker for the progression and metastasis of colon cancer through FAK-PI3K/AKT and MAPK pathway. J. Exp. Clin. Cancer Res. 35 (1), 148. doi:10.1186/s13046-016-0427-7
 Sowparani, S., Mahalakshmi, P., Sweety, J. P., Francis, A. P., Dhanalekshmi, U. M., and Selvasudha, N. (2022). Ubiquitous neural cell adhesion molecule (NCAM): potential mechanism and valorisation in cancer pathophysiology, drug targeting and molecular transductions. Mol. Neurobiol. 59 (9), 5902–5924. doi:10.1007/s12035-022-02954-9
 Sun, X., Ou, Z., Xie, M., Kang, R., Fan, Y., Niu, X., et al. (2015). HSPB1 as a novel regulator of ferroptotic cancer cell death. Oncogene 34 (45), 5617–5625. doi:10.1038/onc.2015.32
 Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., et al. (2021). Global cancer statistics 2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J. Clin. 71 (3), 209–249. doi:10.3322/caac.21660
 Tilija Pun, N., Lee, N., Song, S. H., and Jeong, C. H. (2022). Pitavastatin induces cancer cell apoptosis by blocking autophagy flux. Front. Pharmacol. 13, 854506. doi:10.3389/fphar.2022.854506
 Wang, L., Wang, J., and Chen, L. (2023). TIMP1 represses sorafenib-triggered ferroptosis in colorectal cancer cells by activating the PI3K/Akt signaling pathway. Immunopharmacol. Immunotoxicol. 45 (4), 419–425. doi:10.1080/08923973.2022.2160731
 Wang, R., Hua, L., Ma, P., Song, Y., Min, J., Guo, Y., et al. (2022). HSPA5 repressed ferroptosis to promote colorectal cancer development by maintaining GPX4 stability. Neoplasma 69 (5), 1054–1069. doi:10.4149/neo_2022_220331N363
 Wang, Y., Shi, T., Song, X., Liu, B., and Wei, J. (2021). Gene fusion neoantigens: emerging targets for cancer immunotherapy. Cancer Lett. 506, 45–54. doi:10.1016/j.canlet.2021.02.023
 Yang, C., Zhang, Y., Lin, S., Liu, Y., and Li, W. (2021). Suppressing the KIF20A/NUAK1/Nrf2/GPX4 signaling pathway induces ferroptosis and enhances the sensitivity of colorectal cancer to oxaliplatin. Aging (Albany NY) 13 (10), 13515–13534. doi:10.18632/aging.202774
 Yu, C., Chen, F., Jiang, J., Zhang, H., and Zhou, M. (2019). Screening key genes and signaling pathways in colorectal cancer by integrated bioinformatics analysis. Mol. Med. Rep. 20 (2), 1259–1269. doi:10.3892/mmr.2019.10336
 Zhang, Z., Li, J., Jiao, S., Han, G., Zhu, J., and Liu, T. (2022). Functional and clinical characteristics of focal adhesion kinases in cancer progression. Front. Cell Dev. Biol. 10, 1040311. doi:10.3389/fcell.2022.1040311
 Zhu, X., Liang, R., Lan, T., Ding, D., Huang, S., Shao, J., et al. (2022). Tumor-associated macrophage-specific CD155 contributes to M2-phenotype transition, immunosuppression, and tumor progression in colorectal cancer. J. Immunother. Cancer 10 (9), e004219. doi:10.1136/jitc-2021-004219
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2023 Qiu, Quan, Ou, Wang, Huang, Li, Shen, Yang, Wang and Wu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.
OPS/images/fgene-14-1265137-g005.gif





OPS/images/fgene-14-1265137-g006.gif
A AL

| B





OPS/images/fgene-14-1265137-g003.gif





OPS/images/fgene-14-1265137-g004.gif





OPS/images/fgene-14-1265137-g009.gif





OPS/images/fgene-14-1265137-g007.gif





OPS/images/fgene-14-1265137-g008.gif





OPS/xhtml/nav.xhtml
Contents

		Cover

		Unraveling TIMP1: a multifaceted biomarker in colorectal cancer		1 Introduction

		2 Materials and methods		2.1 Obtaining and analysing data

		2.2 Screening and analysis of DEGs

		2.3 Identification of key genes for CRC diagnosis and prognosis in TCGA dataset

		2.4 Immunohistochemical validation of experimental findings

		2.5 GSEA

		2.6 Analysis of the immunological microenvironment

		2.7 Drug sensitivity analysis

		2.8 Ferroptosis correlation analysis

		2.9 Statistical methods





		3 Results		3.1 GEO dataset integration and analysis

		3.2 Screening DEGs in the GEO dataset

		3.3 Diagnostic and prognostic insights of TIMP1 in TCGA CRC analysis

		3.4 Immunohistochemical validation of TIMP1 expression

		3.5 GSEA

		3.6 TIMP1-associated immune landscape in colorectal cancer

		3.7 Drug sensitivity analysis

		3.8 The association between TIMP1 and ferroptosis





		4 Discussion

		5 Conclusion

		Data availability statement

		Ethics statement

		Author contributions

		Funding

		Acknowledgments

		Publisher’s note

		References









OPS/images/cover.jpg
& frontiers | Frontiers in Genetics






OPS/images/fgene-14-1265137-g001.gif





OPS/images/fgene-14-1265137-g002.gif





OPS/images/fgene-14-1265137-t002.jpg
Gene  Ferroptosis-releted genes  Cor ~ P.Value  Pstar
TIMP1 GPX4 0163 | 438x10° |
TIMPL HSPAS 0153 | 130x 10 | *
TIMPL HSPBI 033 | 379x 107 |
TIMPL SLC7AILL ~0.008 083 *
TIMPL VDAC2 ~0.098 o1 b






OPS/images/fgene-14-1265137-t001.jpg
Gene eckpo leted genes Cor  PValue  Pstar
TIMPL CDI160 -0.06 o1

TIMP1 CTLA4 024 | 692x107° | **
TIMPL HAVCR2 045 0 %
TIMP1 LAG3 029 | 430x 100 |+
TIMP1 TNFSF4 047 | 208x10°% |










OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
P frontiers | Frontiers in Genetics





