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MMP14 is a diagnostic gene of intrahepatic cholangiocarcinoma associated with immune cell infiltration
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Abstract
BACKGROUND
Intrahepatic cholangiocarcinoma (ICC) is a malignant tumor of the hepatobiliary system with concealed onset, strong invasiveness and poor prognosis.

AIM
To explore the disease characteristic genes that may be helpful in the diagnosis of ICC and affect immune cell infiltration.

METHODS
We downloaded two ICC-related human gene expression profiles from GEO database as the training group (GSE26566 and GSE32958 datasets) for difference analysis, and performed enrichment analysis on differential genes. The least absolute shrinkage and selection operator (LASSO), support vector machine-recursive feature elimination (SVM-RFE) and random forest (RF), three machine learning algorithms, were used to screen the characteristic genes. Double verification was carried out on GSE107943 and The Cancer Genome Atlas, two verification groups. Receiver operating characteristic curve and area under the curve (AUC) were used to evaluate the diagnostic efficacy of genes for ICC. CIBERSORT and ssGSEA algorithms were used to evaluate the effect of characteristic genes on immune infiltration pattern. Human Protein Atlas (HPA) was used to analyze the protein expression level of the target gene.

RESULTS
A total of 1091 differential genes were obtained in the training group. Enrichment analysis showed that the above genes were mainly enriched in small molecular catabolism, complement and coagulation cascade, bile secretion and other functions and pathways. Twenty-five characteristic genes were screened by LASSO regression, 19 by SVM-RFE algorithm, and 30 by RF algorithm. Three algorithms were used in combination to determine the characteristic gene of ICC: MMP14. The verification group confirmed that the genes had a high diagnostic accuracy (AUC values of the training group and the verification group were 0.960, 0.999, and 0.977, respectively). Comprehensive analysis of immune infiltration showed that MMP14 could affect the infiltration of monocytes, activated memory CD4 T cells, resting memory CD4 T cells, and other immune cells, and was closely related to the expression of CD200, cytotoxic T-lymphocyte-associated antigen 4, CD14, CD44, and other immune checkpoints. The results of immunohistochemistry in HPA database showed was indeed overexpressed in ICC.

CONCLUSION
MMP14 can be used as a disease characteristic gene of ICC, and may regulate the distribution of immune-infiltrating cells in the ICC tumor microenvironment, which provides a new method for the determination of ICC diagnostic markers and screening of therapeutic targets.
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Core Tip: This study demonstrates that a new candidate molecular marker: MMP14 that is important for the diagnosis of intrahepatic cholangiocarcinoma, and MMP14 was related to a variety of immune cell components and participated in the occurrence and development in intrahepatic cholangiocarcinoma.

INTRODUCTION
Intrahepatic cholangiocarcinoma (ICC) is the second most common primary tumor of the liver, which originates from intrahepatic bile duct epithelial cells and accounts for about 20% of primary liver malignant tumors[1]. Its incidence is on the rise worldwide, with the highest incidence in Southeast Asia, and the second highest incidence in China after Thailand[2,3]. Pathological changes such as chronic cholangitis, cholestasis, intrahepatic bile duct stones, and liver cirrhosis all increase the incidence of ICC[4]. At present, due to the poor efficacy of radiotherapy and chemotherapy for ICC, surgical treatment is currently the main treatment method for ICC. However, patients with ICC may be asymptomatic in the early stage, and most patients have intrahepatic metastasis, lymph node metastasis, or even distant metastasis at the first time of diagnosis. Only 9% of patients with advanced ICC can survive for 5 years[5-8]. Despite the continuous improvement in imaging and laboratory tests, the early diagnosis of ICC is still not ideal. Currently, the biomarkers of ICC mainly include carcinoembryonic antigen, carbohydrate antigen 19-9 and a-fetoprotein, but the sensitivity and specificity are not satisfactory[9]. Hence, it is crucial to find new biomarkers for early screening and diagnosis of ICC.
Many studies on the tumor microenvironment have confirmed that a variety of immune regulatory mechanisms play an important role in the malignant biological behavior of tumors. Therefore, immunotherapy has gradually been paid attention in various treatments for solid tumors, and as an emerging and effective anticancer treatment, it has also been widely used for ICC. However, the improvement of the efficacy of immunotherapy and the development of effective drugs targeting specific immune targets are still problems to be solved[10].
Machine learning is a part of the field of artificial intelligence, which can find rules through the analysis of data, and can be conducive to the prediction of similar unknown data. And the existing knowledge structure can be constantly updated to improve its own performance[11]. With the continuous progress of machine learning, the development of more accurate machine learning algorithms makes it possible for us to find new disease-related genes[12]. At the same time, second-generation sequencing technology has made convenient screening of ICC diagnostic targets, and provided a solid foundation for precise treatment of patients and selection of personalized drugs[13].
In this study, using the ICC-related data in the GEO and The Cancer Genome Atlas (TCGA) databases, bioinformatics and machine learning algorithms were used to comprehensively analyze and obtain reliable disease-characteristic genes, and in-depth exploration found that this gene may regulate the progression of ICC by mediating the composition of immune-infiltrating cells. The above preliminary research results can provide important references for the identification of early diagnostic markers for ICC and the mining of potential intervention targets for immunotherapy.

MATERIALS AND METHODS
Download of the sample datasets
The gene expression data of ICC cancer tissues and paracancerous tissues were obtained by using the three datasets GSE26566, GSE32958, and GSE107943 in GEO database. The transcriptome gene expression data of cancer and paracancerous samples of ICC patients were obtained from TCGA database. The relevant datasets were sorted, and samples other than cancer and paracancerous tissues of ICC patients were deleted. The two datasets of GSE26566 and GSE32958 were combined as the training group. The GSE107943 dataset was used as the verification group, while the TCCG dataset was used as the external database verification group.

Screening of differential genes
The Limma package was used to analyze the differences between the GSE26566 and GSE32958 datasets after merging the training groups. Genes that met the conditions |log2FC| > 2 and adj. P < 0.05 were considered to be differential genes. The first 50 genes with the most significant difference between upregulated and downregulated genes were selected for heat mapping using the pheatmap package. The volcanic map was plotted using ggplot2 and ggrepel packages to visualize significantly different genes.

Functional enrichment analysis
According to the results of differential expression analysis, the org.Hs.eg.db, enrichplot, clusterProfiler, DOSE and GSEABase package were used for GO functional enrichment analysis, KEGG pathway enrichment analysis, DO disease enrichment analysis and GSEA enrichment analysis, respectively. The top 10 most significantly enriched functions in biological processes (BP), CC and molecular functions (MF) were visualized by drawing bubble plots. The top 30 pathways or diseases with the most significant enrichment were selected for KEGG enrichment analysis and DO enrichment analysis bubble diagram drawing. GSEA enrichment analysis was carried out on the experimental group (cancer tissue samples) and the control group (paracancerous tissue samples), and the first five functions and pathways that were most significantly enriched in the experimental group and the control group were visualized respectively.

Screening disease characteristic genes by machine learning
Based on the differential gene expression, least absolute shrinkage and selection operator (LASSO) regression, support vector machine-recursive feature elimination (SVM-RFE) algorithm and random forest (RF) algorithm were used to screen disease characteristic genes. The genes screened by the three algorithms were intersected to obtain the final disease characteristic gene, which was the new characteristic gene for ICC diagnosis. The diagnostic genes obtained by the comprehensive analysis of the above three machine learning algorithms had stronger persuasion and higher accuracy. The LASSO regression algorithm was based on the glmnet package. When the parameters were set to a = 1, type.measure = deviance and nfolds = 10, the number of genes corresponding to the point with the smallest cross-validation error was the target gene. The SVM-RFE algorithm was based on the e1071, kernlab and caret packages. The method adopted was svmRadial, and the number of genes corresponding to the point with the smallest cross-validation error was selected as the disease characteristic gene. The RF algorithm was based on the randomForest package. The differentially expressed genes were used to train the RF model. The number of forest trees was set to 500, and the number of corresponding trees with the smallest cross-verification error was found to reconstruct the RF model for training. The importance score of the gene was obtained. We sorted from high to low according to the scores, and selected the 30 genes with the highest importance scores as the feature gene set.

Assessing the diagnostic value of ICC signature genes
The limma package was used to analyze the differences between the two verification groups of GSE107943 and TCGA to determine whether the differential expression of disease characteristic genes in the verification group was consistent with that of the training group. We used the ggpubr package to visualize and draw a boxplot. The receiver operating characteristic (ROC) curve was drawn based on the pROC package to evaluate the efficiency of characteristic genes in the diagnosis of ICC. Area under the curve (AUC) value was used as an index to evaluate the diagnostic value of characteristic genes in the training and test groups. The 95% confidence interval (CI) of AUC value was extracted and calculated by bootstrap method.

Comprehensive analysis of immune infiltration pattern in ICC
According to the gene expression level of each sample, CIBERSORT algorithm was used to quantify the relative content of immune cells in each sample with the help of e1071 and preprocessCore package, so as to obtain the proportion of different immune cells in each sample, and a bar chart was drawn. The corrplot package was used to analyze the correlation of immune cells and draw the correlation heat map. The vioplot package was used to analyze the difference in immune cell infiltration between cancer tissue and paracancerous tissue of ICC patients, and the violin picture was drawn. The CIBERSORT and ssGSEA algorithms were used to evaluate the relationship between ICC characteristic genes and tumor immune-infiltrating cells, in order to explore the effect of ICC characteristic genes on tumor immune microenvironment. Finally, 46 immune checkpoint related genes (including CD274, PDCD1, CTLA4, CD14, LAG3, and TNFRSF9) were found through the literature. We used the limma and corrplot packages, etc. to analyze whether the disease signature genes had a regulatory effect on the expression of immune checkpoints.

Analysis of protein expression level of disease characteristic genes by Human Protein Atlas database
The Human Protein Atlas (HPA) database provides the expression and distribution of all available proteins in human tissues and organs. Therefore, protein expression data of disease-characteristic genes in ICC and paracancerous tissues were obtained from this database for comparative analysis.

Statistical analysis
All statistical analyses in this study were conducted in R version 4.2.0. ICC characteristic genes were screened by LASSO regression, SVM-RFE and RF machine learning algorithms. The diagnostic efficacy of diagnostic biomarkers was evaluated by ROC curve. The relationship between the expression of characteristic genes and immune cell infiltration and immune checkpoint was analyzed by Spearman and Pearson correlation. Statistical significance was identified based on P < 0.05. 

RESULTS
Downloading and sorting of sample data
Table 1 shows the three datasets (GSE26566, GSE32958, and GSE107943) in the GEO database and the ICC-related information obtained from the TCGA database. Two hundred and eighty-four samples were collected, including 120 cancer tissues and 66 paracancerous tissues in the training group. In the two verification groups, cancer tissue samples were from 30 and 33 cases, respectively, and paracancerous tissue samples from 27 and eight cases, respectively.

Screening of differential genes
By the difference analysis of the training group, 1091 differential mRNAs were obtained, including 463 upregulated and 628 downregulated mRNAs (Figure 1A and B). There were many genes with multiple differences in ICC cancer and paracancerous tissues; therefore, it was important to screen characteristic genes that mediated the occurrence and development of ICC, which laid a foundation for the following mechanistic exploration and target gene identification.

Biological functions of differential genes
Through GO functional enrichment analysis, we found that in terms of BP, processes such as small molecule catabolic process, response to xenobiotic stimulus, and carboxylic acid catabolic process had the largest number of enrichment genes. In terms of CC, collagen-containing extracellular matrix (ECM), apical part of cell and other CC had the largest number of enriched genes. In terms of MF, sulfur compound binding, glycosaminoglycan binding, serine hydrolase activity and iron ion binding had the largest number of enriched genes (Figure 2A). KEGG pathway enrichment analysis showed that the differential genes were mainly enriched in 56 related regulatory mechanisms, which were mainly involved in complement and coagulation cascades, bile secretion, biosynthesis of cofactors, drug metabolism cytochrome P450, chemical carcinogenesis DNA adducts, retinol metabolism and other pathways (Figure 2B). DO disease enrichment analysis showed that differential genes were closely related to cardiovascular disease, urinary system disease, fatty liver and cholangiocarcinoma (Figure 2C). GSEA enrichment analysis was carried out on the experimental and control groups. GO enrichment analysis showed that acylglycerol homeostasis and alcohol metabolic process were mainly enriched in paracancerous tissues (Figure 3A). In ICC cancer tissues, differential genes were mainly enriched in cell division, chromosome segregation, embryonic organ development and other functions (Figure 3B). KEGG enrichment analysis showed that complement, coagulation cascades and drug metabolism cytochrome P450 were actively expressed in paracancerous tissues (Figure 3C), while cell cycle, ECM receptor interaction and pathways in cancer were actively expressed in cancer tissues (Figure 3D).

Determination of diagnostic markers for ICC
To identify the specific genes of value in the diagnosis of ICC, we used machine learning to filter the above 1091 differential genes. A total of 25 genes were screened by LASSO regression algorithm, namely: MMP14, CDCA8, ZDHHC13, NOX4, HEPN1, LRRC49, PDZK1IP1, OR1L4, FAP, NDST3, FXN, PYCR1, PRR11, SPAM1, MAD2L1, APOBEC3G, PI3, CYP7A1, RNF165, MT1M, GREM1, EME1, ENAH, CDKN2B and FOSB (Figure 4A). After screening by SVM-RFE algorithm, 19 genes were retained, namely: CFHR2, PROC, UBE2T, HGD, AGMAT, ACSL1, GADD45G, DCXR, HGFAC, DTL, MMP14, ADHFE1, SLC22A1, CBS, PIPOX, SHMT1, RDH5, F12, and F9 (Figure 4B). After screening by RF algorithm, the first 30 genes obtained good diagnostic effect, namely: SLC10A1, CYP3A43, COL8A1, CDH13, ALDH1A1, ITPR3, MT1H, NRCAM, TMOD1, TNFAIP6, SH2D3A, OLFML2A, WNT10A, ACAA2, RGN, GADD45G, CNDP1, SPINT2, DCXR, DAO, MMP14, LRRC1, UBE2T, COL1A1, DHTKD1, STK39, PEMT, EHHADH, TMED3, and DDR1 (Figure 4C and D). After the intersection of the genes determined by the above three results, the best disease characteristic gene was obtained: MMP14 (Figure 4E).

Feasibility analysis of disease characteristic genes as ICC diagnostic markers
Previous studies had shown that MMP14 was highly expressed in cancer tissues of ICC patients in the training group, so it was important to clarify its expression in two independent verification groups before evaluating the accuracy of this gene as a disease signature gene. In the GSE107943 dataset, the expression of MMP14 in ICC cancer tissues was apparently higher than that in paracancer tissue (Figure 5A). The same result was obtained by external database verification of MMP14 in the TCGA database (Figure 5B). ROC curves were drawn for the training and validation groups, which showed that in the training group, AUC was 0.960 (95%CI 0.932-0.983) (Figure 5C). In the GSE107943 verification group, AUC was 0.999 (95%CI 0.993-1.000) (Figure 5D), and in the TCGA verification group, AUC was 0.977 (95%CI 0.924-1.000) (Figure 5E). AUC in the verification group was higher than in the training group, and AUC values were all > 0.9. This showed that MMP14 had good diagnostic efficiency and could be used as a characteristic gene of ICC, which provided a new reference marker for the selection of gene targets for diagnosis of ICC.

Immune cell infiltration in ICC
To explore the infiltration of immune cells in the immune microenvironment of ICC, the proportion of 22 types of immune cells in each sample of ICC cancer and paracancerousl tissues was clarified (Figure 6A). The positive correlation between resting dendritic cells resting and resting memory CD4 T cells resting was the strongest (r = 0.45), and the negative correlation between mast cells resting and mast cells activated was the strongest (r = 0.40) (Figure 6B). We then analyzed the infiltration of immune cells in cancer and paracancerous tissues, and was significant for monocytes, M0 macrophages, activated mast cells, and eosinophils. Compared with paracancerous tissues, expression of M0 macrophages in tumor tissues was greatly higher (P = 0.040), while expression of monocytes (P = 0.002) and activated mast cells (P = 0.037) was significantly lower in tumor tissues (Figure 6C).

Correlation analysis of ICC disease signature genes and immune infiltration patterns
There were differences in the distribution of immune infiltrating cells between ICC cancer tissues and paracancerous tissues. To analyze its potential regulatory factors, we explored the correlation between ICC disease signature genes and immune microenvironment. CIBERSORT algorithm analysis showed that among the immune cells, MMP14 was significantly correlated with the number of seven types of immune cells. Expression of MMP14 was positively related with M0 macrophages M0 (r = 0.40, P = 0.0023), activated dendritic cells (r = 0.32, P = 0.0180) and follicular helper T cells (r = 0.29，P = 0.0300) (Figure 7A-C), and negatively related with activated memory CD4 T cells (r = -0.33, P = 0.0130), monocytes (r = -0.32, P = 0.0190), M1 macrophages (r = -0.28, P = 0.0420) and resting memory CD4 T cells (r = -0.27, P = 0.0440) (Figure 7D-G). The final results of MMP14 and immune cell infiltration based on the above CIBERSORT algorithm are summarized (Figure 8A). ssGSEA algorithm analysis showed that there was a significant correlation between MMP14 and the number of four types of immune cells and 28 types of immune cells. It was significantly negatively correlated with the number of neutrophils, monocytes, central memory CD8 T cells and central memory CD4 T cells (Figure 8B). MMP14 was positively correlated with the expression of CD200, CD40, CD44, CD70, CTLA4, HHLA2, LGALS9, TNFRSF14, TNFRSF18, TNFRSF25, TNFSF4 and TNFSF9. However, it was negatively correlated with the expression of CD14, CD160, TMIGD2, and TNFSF14 (Figure 8C). In summary, MMP14 regulates the composition of immune infiltrating cells in the tumor microenvironment of ICC and may affect the efficacy of immunotherapy by mediating the expression of immune cell surface markers.

Expression of disease characteristic genes in ICC
HPA database analysis showed that expression of MMP14 protein in ICC cancer tissue was higher than that in paracancerous tissue (Figure 9). It was consistent with the trend in mRNA expression levels in the training and verification groups, which confirmed that MMP14 could be used as a disease characteristic diagnostic gene of ICC.

DISCUSSION
Although there has been some improvement in the treatment of ICC in recent years, the disease control rate is still low[14]. There is no definite marker for early diagnosis of ICC[15]. Individualized treatment has not yet achieved satisfactory results in ICC patients[16]. At present, immunotherapy is a research hot spot in the field of cancer treatment worldwide, and it has widespread prospects for treatment of cholangiocarcinoma[17]. Therefore, the present study focused on discovering new diagnostic markers and improving immunotherapy and determining synergistic therapeutic targets for ICC. Recently, similar ideas have been developed in the research of a variety of tumors and other diseases. More researchers have begun to identify new disease signature genes and explore their potential links with immune cell infiltration. For example, in chronic obstructive pulmonary disease (COPD), STAU1 and SLC27A3 are considered to be important diagnostic biomarkers. The pathogenesis of COPD is largely affected by the pattern of immune cell infiltration. It has been confirmed that STAU1 and SLC27A3 are important factors in regulating the content of plasma cells, resting NK cells, CD8 T cells, and other immune cells[18]. Studies have pointed out that LTBP2 is a highly effective biomarker for prostate cancer, which may inhibit the proliferation and metastasis of prostate cancer through the PI3K/AKT signaling pathway, and is related to CD4 T-cell infiltration and the response to anti-PD-1/PD-L1 immunotherapy[19]. However, for ICC with poor prognosis, there have been few studies on potential diagnostic markers and their correlation with immune cell infiltration. Therefore, we hope to find diagnostic biomarkers for ICC and investigate their relationship with immune cell infiltration.
The present study was a series of retrospective studies based on the gene expression matrix of ICC patients in the GEO and TCGA databases, looking for new diagnostic genes for ICC and analyzing the significance of immune cell infiltration. The results obtained are consistent with previous studies that complex metabolic changes occurred in the entire process of cholangiocarcinoma development, and metabolic reprogramming mechanisms such as glucose metabolism, amino acid metabolism, and lipid metabolism all mediate tumor proliferation and invasion are involved[20]. Mechanisms such as ECM-receptor interaction, cell cycle disorder, and stem cell self-renewal have also been confirmed to affect the development of ICC, which is consistent with our enrichment analysis[21-23]. To accurately screen for disease characteristic genes, we used LASSO regression, SVM-RFE, and RF learning algorithms for joint analysis. After the joint verification of another data set in the GEO and TCGA databases, we identified MMP14 as having high diagnostic accuracy for ICC.
The MMP family are proteolytic enzymes closely related to angiogenesis and tumor progression. MMP14 was the first transmembrane protein found in the family[24]. Previous studies have indicated that MMP14 plays a key role in the malignant transformation of liver cancer, pancreatic cancer, colorectal cancer and other tumors[25-28]. In primary liver cancer, the expression of MMP14 in cancer tissues is significantly higher than that in paracancerous tissues. The expression level of MMP14 is positively correlated with tumor size, Edmondson-Steiner grade and α-fetoprotein level, and mediates the poor prognosis of patients with primary liver cancer[29]. In renal cell carcinoma, MMP14, as a member of the circPTCH1/miR-485-5p/MMP14 endogenous competitive network, participates in promoting metastasis and activating epithelial-mesenchymal transformation of renal cell carcinoma[30]. Direct degradation of ECM or indirect activation of MMP2 is also the main way for MMP14 to promote the invasion and metastasis of many types of tumors[31,32]. Ragusa and colleagues found that, in a chemotherapy-resistant, aggressive, matrix-rich colorectal cancer subtype, fluctuations in tumor signals triggered a decrease in PROX1 Levels and upregulation of MMP14 through the WNT and Notch pathways, which promoted a series of adverse tumor microenvironmental changes, including activation of fibroblasts, vascular dysfunction, and inability of cytotoxic T cells to enter the tumor[33]. It can be seen that, as a clear tumor-promoting factor, MMP14 is a key regulator in the tumor microenvironment, tumor immune infiltration and tumorigenesis, but its effect on disease diagnosis and tumor immune microenvironment in ICC has not been reported, so our research is important.
Tumor microenvironment plays an important role in the occurrence, development and prognosis of tumor. As an important part of tumor microenvironment, immune cells are involved in the prognosis of the disease and guidance of clinical treatment[34-36]. We calculated the profiles of immune cell infiltration in ICC cancer and paracancerous tissues, and elucidated ICC-associated immune cell subtypes and their potential relationships. Compared with paracancerous tissues, the infiltration of M0 macrophages in ICC tissues was significantly increased, while the proportion of monocytes and mast cells activated was significantly decreased. The correlation analysis between MMP14 and immune cells showed that it was positively correlated with M0 macrophages, activated dendritic cells and follicular helper T cells, and negatively correlated with activated memory CD4 T cells, monocytes, M1 macrophages and resting memory CD4 T cells. The ssGSEA algorithm showed that MMP14 was closely related to the degree of immune cell infiltration, and the number of central memory CD8 T cells, neutrophils, monocytes and central memory CD4 T cells decreased significantly in ICC patients with high expression of MMP14. We found that MMP14 was positively correlated with expression of 12 molecules, including CTLA4 and CD40, and negatively correlated with expressions of four molecules, including CD14 and CD160. Differential regulatory mechanisms of the tumor microenvironment in ICC patients may help explain individual differences in immunotherapy. The expression of MMP14 was negatively regulated by the distribution of monocytes and CD4 T cells in the analysis of CIBERSORT and ssGSEA algorithms. Coincidentally, in the correlation analysis with immune checkpoints, we found that MMP14 was related to the expression of many important molecules, such as monocyte surface marker CD14 and transmembrane receptor CTLA4 on T cells. As an important part of effective antitumor immunity, CD4 T cells can directly eliminate tumor cells through cytolytic mechanisms, or indirectly target tumor cells by regulating the tumor microenvironment to kill tumor cells[37]. Different subpopulations of monocytes perform exclusive functions for tumor promotion or antitumor immunity[38]. It has been reported that CD14 and CD16 monocyte subsets can induce cancer cell death through antibody-dependent cytotoxicity[24,39]. Therefore, we have the reason to speculate that MMP14 may accelerate the progression of ICC by interfering with the abundance of monocytes and CD4 T cells.
In our study, we found new ICC characteristic gene, MMP14, and clarified that it might influence the infiltration pattern of immune cells in complex tumor microenvironments. It could be helpful for the clinical diagnosis and immunotherapy of ICC, and provides new ideas for the future study of the occurrence and molecular mechanism of ICC.
However, our research still had some limitations. Firstly, all data came from public databases, which could have led to inevitable errors or biases. Secondly, the expression and specific function of disease characteristic genes need to be verified by further experiments. Although bioinformatics and machine learning have been used to evaluate the diagnostic efficacy of ICC feature genes and their relationship with immune infiltration, a larger prospective study is needed to confirm our conclusions.

CONCLUSION
Here we investigated new candidate molecular markers that are important for the diagnosis of ICC, which was related to a variety of immune cell components and participated in the occurrence and development of ICC. The findings may have a beneficial impact on the diagnosis of ICC and the provision of precise immunotherapy in future clinical work.

ARTICLE HIGHLIGHTS
Research background
Intrahepatic cholangiocarcinoma (ICC) has a high mortality rate. Its early diagnosis is very important.

Research motivation
At present, there are no diagnostic markers of ICC, and most patients are in the middle and late stage when the tumors are found, and the treatment options for these patients are limited, resulting in a poor prognosis.

Research objectives
It is urgent to find new biomarkers for early screening and diagnosis of ICC.

Research methods
Bioinformatics analysis and machine learning algorithm were used to screen for ICC disease characteristic genes, and the diagnostic performance of characteristic gene MMP14 was verified by different databases. The relationship between different immune cell infiltration in MMP14 and ICC tumor microenvironment was analyzed.

Research results
We discovered for the first time a new gene MMP14 for the diagnosis of ICC. We further analyzed the expression of MMP14 and its significance in immune cell infiltration in ICC tumor microenvironment, indicating that MMP14 is closely related to a variety of immune cell infiltration, which may provide a new direction for immune-related research.

Research conclusions
In this study, we found that MMP14 can be used as a disease characteristic gene for ICC diagnosis using a variety of machine learning algorithms. There is a relationship between different immune cell infiltration in MMP14 and ICC tumor microenvironment, which plays an important role in the occurrence and development of tumor. MMP14 may be a potential target for ICC immunotherapy.

Research perspectives
Based on bioinformatics analysis and machine learning algorithm, MMP14 was identified as the characteristic gene of ICC and was associated with ICC immune cell infiltration. In the future research, it will be of great significance to explore the signal pathway mediated by MMP14 in the occurrence and development of ICC and the mechanism of immune cell infiltration.
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Figure Legends
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Figure 1 The differentially expressed mRNA of intrahepatic cholangiocarcinoma patients was screened based on GEO database training group. A: The heat map of differential gene expression in cancer tissues (Treat) and paracancerous tissues (Con); B: The Volcano map of differential gene expression between cancer and paracancerous tissues. ICC: Intrahepatic cholangiocarcinoma.
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Figure 2 Enrichment analysis of differential genes. A: GO functional enrichment analysis; B: KEGG pathway enrichment analysis; C: DO disease enrichment analysis.
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Figure 3 GSEA enrichment analysis of differential genes. A: GO enrichment analysis in the control group; B: GO enrichment analysis in the experimental group; C: KEGG enrichment analysis in the control group; D: KEGG enrichment analysis in the experimental group.
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Figure 4 Screening of disease signature genes. A: The process of least absolute shrinkage and selection operator regression screening of characteristic genes; B: The relationship between the error and the number of variables in support vector machine-recursive feature elimination; C: The impact of the amount of decision trees on the error rate; D: The name of the characteristic gene and the score of gene importance obtained by RF screening; E: The Venn diagrams of the intersection eigengenes obtained by the three algorithms. SVM: Support vector machine; LASSO: The least absolute shrinkage and selection operator; RF: Random Forest.
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Figure 5 Analysis of the diagnostic value of intrahepatic cholangiocarcinoma characteristic genes. A: The boxplot of the differential expression of MMP14 in the GSE107943 dataset; B: The boxplot of the differential expression of MMP14 in the The Cancer Genome Atlas (TCGA) database; C: In the training group, the receiver operating characteristic (ROC) curve of MMP14 to evaluate the diagnostic efficacy of intrahepatic cholangiocarcinoma (ICC); D: In the GSE107943 dataset of the verification group, the ROC curve of MMP14 to evaluate the diagnostic efficacy of ICC; E: In the TCGA dataset of the verification group, the ROC curve of MMP14 to evaluate the diagnostic efficacy of ICC. AUC: Area under the curve; 95%CI: 95% confidence interval.
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Figure 6 The distribution of immune infiltrating cells in intrahepatic cholangiocarcinoma. A: The relative content of immune infiltrating cells in each sample; B: The correlation heatmap composed of cells in all samples; C: The violin plot of the difference in immune cell infiltration between intrahepatic cholangiocarcinoma cancer and paracancerous tissues.
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Figure 7 The scatter plot of the correlation between MMP14 expression and immune cells. A: Macrophage M0; B: Dendritic cell activation; C: T cell follicular assisted cell activation; D: T cell CD4 memory activation; E: monocyte; F: Macrophage M1; G: T cell CD4 memory resting.
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Figure 8 Correlation of MMP14 with immune cell content and immune checkpoint expression. A: Correlation between MMP14 and immune cell infiltration based on CIBERSORT algorithm; B: Correlation between MMP14 and immune cell infiltration based on ssGSEA algorithm; C: The heat map of the correlation between MMP14 and immune checkpoint expression.
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Figure 9 Human Protein Atlas analysis of MMP14 protein expression levels in intrahepatic cholangiocarcinoma cancer and paracancerous tissues.

Table 1 Number of data set samples
	Dataset
	Number of cancer samples
	Number of paracancerous samples
	Total

	GSE26566
	104
	59
	163

	GSE32958
	16
	7
	23

	GSE107943
	30
	27
	57

	TCGA
	33
	8
	41

	Total
	183
	101
	284


TCGA: The Cancer Genome Atlas.
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