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Background

Cholangiocarcinoma (CCA) is a highly aggressive malignant tumor for which limited treatment methods and prognostic signatures are available. This study aims to identify potential therapeutic targets and prognostic biomarkers for CCA.



Methods

Based on differentially expressed genes (DEGs) identified from The Cancer Genome Atlas (TCGA) data, our study identified key gene modules correlated with CCA patient survival by weighted gene coexpression network analysis (WGCNA). Cox regression analysis identified survival-related genes in the key gene modules. The biological properties of the survival-related genes were evaluated by CCK-8 and transwell assays. Then, these genes were used to construct a prognostic signature that was internally and externally validated. Additionally, by combining clinical characteristics with the gene−based prognostic signature, a nomogram for survival prediction was built.



Results

WGCNA divided the 1531 DEGs into four gene modules, and the yellow gene module was significantly associated with overall survival (OS) and histologic neoplasm grade. Our study identified the lncRNA AGAP2−AS1 and a novel gene, GOLGA7B, that are closely related to survival. GOLGA7B downregulation promoted the invasion, migration and proliferation of CCA cells, but AGAP2−AS1 had the opposite effect. AGAP2−AS1 and GOLGA7B were integrated into a gene−based prognostic signature, and both internal and external validation studies confirmed that this two-gene prognostic signature and nomogram could accurately predict CCA patient prognosis.



Conclusion

AGAP2−AS1 and GOLGA7B are potential therapeutic targets and prognostic biomarkers for CCA.
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Introduction

Cholangiocarcinoma (CCA) is a highly aggressive malignancy of the biliary duct tree. It can be classified into distal CCA (dCCA), perihilar CCA (pCCA), and intrahepatic CCA (iCCA) (1, 2). CCA is the second most common primary hepatic carcinoma, comprising approximately 15% of all primary liver tumors and 3% of gastrointestinal carcinomas (1, 3, 4). Although CCA is rare, its morbidity rate (0.3-6 per 100,000 people) and mortality rate (1–6 per 100,000 people) have increased in recent decades (4–6). In addition, due to the lack of symptoms of early-stage disease and the scarcity of efficient early diagnostic methods, CCA patients are usually diagnosed in advanced stages (7). Less than one-third of CCA patients are eligible to undergo radical surgery (8). Even in cases that receive radical surgery, chemotherapy, and radiation therapy, the risk of recurrence and metastasis is high, so the 5-year survival rate is low, and the prognosis is dismal (8, 9). Thus, it is imperative to conduct an in-depth investigation of the molecular mechanism of CCA development and identify novel biomarkers for early diagnosis and prognosis prediction.

Over the past two decades, RNA sequencing has undergone significant progress and has become an indispensable tool for carcinoma research, contributing to biomarker discovery and the development of cancer mRNA vaccines, targeted therapy, and immunotherapy; moreover, it has significantly improved the understanding of therapeutic and prognostic strategies for some malignancies, such as non-small cell lung carcinoma, leukemia and melanoma (10–13). Based on RNA sequencing, various studies have identified differentially expressed genes (DEGs), including prognostic biomarkers and signal transduction pathways, involved in CCA progression (12, 14). However, the application of relevant research to clinical practice guidelines is still very limited. In addition, although some novel treatments, such as targeted therapy and immunotherapy, have been explored in clinical trials, those trials were limited and presented some unsatisfactory results (1, 15, 16). Thus, it is still necessary to elucidate the precise molecular processes of CCA and identify effective treatment targets and putative prognostic biomarkers.

In this study, the mRNA expression profiles of CCA patients were downloaded from The Cancer Genome Atlas (TCGA) and analyzed to identify DEGs. Weighted gene coexpression network analysis (WGCNA) was used to identify key gene modules associated with CCA prognosis based on the DEGs. Then, univariate and multivariate Cox regression analyses identified GOLGA7B and AGAP2-AS1, which are related to survival, from the key gene module. We confirmed that GOLGA7B and AGAP2−AS1 are closely related to CCA progression in vitro and are potential therapeutic targets. Moreover, GOLGA7B and AGAP2−AS1 were used to create a two-gene prognostic signature for CCA prognosis prediction. Both internal and external validation confirmed that the two-gene prognostic signature could accurately predict CCA patient prognosis. Finally, a nomogram combining the two-gene signature with certain clinical characteristics was built and verified to improve the prognostic prediction capacity for CCA patients.



Materials and methods


Dataset collection

The mRNA expression patterns (level 3) and corresponding clinical features of 36 CCA patients in the training group were obtained from the TCGA database and downloaded from UCSC Xena. In addition, the mRNA expression profiles and clinical traits of 30 CCA patients in the testing group were collected from the Gene Expression Omnibus (GEO) database (accession: GSE107943) (17).



Differential gene expression analysis

DEGs between tumor and normal tissues were determined from the mRNA expression profiles through the “edgeR” R package (version 3.36.0) (18). Benjamini-Hochberg multiple testing correction was performed to determine the false discovery rate (FDR). We set FDR<0.05 and |log2-fold change (FC)|>1 as the thresholds for DEG identification.



Coexpression module construction

The DEGs in the training group were employed to build the gene coexpression modules, which were established by the WGCNA method based on the “WGCNA” R package (version: 1.70-3) (19, 20). Compared to similar methods, WGCNA is superior for analyzing gene association patterns and correlating gene coexpression modules with clinical features. The construction of coexpression modules based on the WGCNA method included the following main steps. First, a correlation coefficient matrix between genes, called an adjacency matrix, was built. To ensure a scale-free network within the adjacency matrix, an appropriate soft thresholding power β (range of 0–30) and correlation coefficient threshold were chosen. Second, a topological overlap matrix (TOM) was constructed based on the adjacency matrix. Third, hierarchical clustering for TOM-based dissimilarity (dissTOM) was executed to obtain the hierarchical clustering tree from which the dynamic tree cut method identified the gene coexpression modules. The minimum number of genes in each gene coexpression module was set as 30, and the cut height threshold for merging similar gene modules was set as 0.25. Finally, Pearson’s correlation analysis was performed to verify the correlation between gene coexpression modules and clinical parameters; thus, the key gene module most significantly associated with clinical parameters was determined for subsequent analysis.



Functional enrichment analyses

Kyoto Encyclopedia of Genes and Genomes (KEGG) and Gene Ontology (GO) enrichment analyses were performed to evaluate the biological activities and signaling pathways of genes in the gene coexpression modules based on the “clusterProfiler” (version 4.2.2), “org.Hs.eg.db” (version 3.14.0), “enrichplot” (version 1.14.2) and “ggplot2” (version 3.3.5) packages.



Prognostic signature construction

With the “survival” R package (version: 3.3-1), univariate and multivariate Cox regression analyses were performed to identify the independent prognostic genes significantly related to patient survival from the key gene modules. Then, these survival-related genes were used to construct a prognostic signature for CCA patients, and each CCA patient was assigned a risk score (RS), which was calculated by the following formula:

	

In the formula, “n” indicates the number of independent prognostic genes, “Coefk” signifies the multivariate Cox regression coefficient index of gene k, and “expk” symbolizes the mRNA expression level of gene k in the prognostic signature. The RS was calculated for each patient in the training group. CCA patients were categorized as high- and low-risk groups with the median RS as the cutoff, with patients in the high-risk group having an RS above the median value.



Gene−based prognostic signature validation

Further, we internally validated the predictive value of the gene−based prognostic signature in the training group from TCGA and externally validated it in a testing group from GEO. First, Kaplan-Meier survival curves were generated to compare the survival rates between the high- and low-risk groups based on the “survival” (version: 3.3-1) and “survminer” (version: 0.4.9) R packages. Second, the area under the receiver operating characteristic (ROC) curve (AUC) for survival prediction was calculated by the “survivalROC” R package (version: 1.0.3). Third, the risk plot was used to visualize the differences in survival between the high- and low-risk groups and was displayed by the “heatmap” R package (version: 1.0.12). Finally, the predictive prognostic value of the gene−based prognostic signature was estimated by the concordance index (C-index) based on the “survcomp” R package (version: 1.44.1) (21).



Nomogram construction and validation

Nomograms are widely used and are convenient devices for survival prediction in cancer patients in oncology research (22, 23). By combining the gene−based prognostic signature with relevant clinical characteristics, our study constructed a nomogram with the “rms” (version: 6.3-0), “foreign” (version: 0.8-82) and “survival” (version: 3.3-1) R packages. The C-index and the AUC of the time-dependent ROC curve were calculated to estimate the predictive prognostic value of the nomogram. In addition, calibration curves for 1-, 3- and 5-year overall survival (OS) were generated to assess the accuracy of the predicted probability.



Patients and clinical sample collection

Paired CCA tumor and normal tissues were collected from 9 patients who did not receive chemotherapy or radiation at Tongji Hospital, Tongji Medical College, Huazhong University of Science and Technology, China, between March 2019 and January 2022. The clinical information of the nine patients is shown in Table S1. This study was authorized by the Tongji Hospital Research Ethics Committee and the Institutional Review Board.



Cell culture and transfection

CCA cell lines were cultured in RPMI-1640 medium (Gibco, CA) containing 10% fetal bovine serum (FBS) at 37°C in a 5% CO2 atmosphere. GOLGA7B and AGAP2−AS1 were knocked down by small interfering RNAs (siRNAs) using siRNA transfection reagent (Santa Cruz Biotechnology Inc., USA). The sequences of the siRNAs are shown in Table 1.


Table 1 | The siRNA for target genes.





Western blotting and quantitative real-time PCR

The protein expression of GOLGA7B was detected by Western blotting analysis according to the standard protocol, and the primary and secondary antibodies are listed in Table 2. Quantitative real-time PCR (qRT-PCR) was employed to detect RNA expression levels. TRIzol reagent (Life Technologies, CA) was used to separate total RNA from tissue samples or cell lines, and a reverse transcriptase kit (Takara Bio Inc., Dalian, China) was used to convert that RNA into complementary DNA (cDNA). qRT-PCR was conducted using the SYBR Premix EX Taq Kit (Takara Bio Inc.) according to the standard protocol. The primers for qRT-PCR listed in Table 2 were acquired from Primer Bank. The protein expression of GOLGA7B was detected by Western blotting analysis according to the standard protocol, and the primary and secondary antibodies are listed in Table 3.


Table 2 | The primers for target genes.




Table 3 | The antibody information of the target gene.





Transwell invasion and cell proliferation assays

Cell invasion was evaluated by a transwell invasion assay. In brief, 1 × 105 cells/well were seeded in the upper transwell chamber containing 200 μl of serum-free RPMI-1640 culture medium. The lower chamber was supplied with 500 µl of RPMI-1640 culture medium containing 20% FBS. After 24 h of culture, the cells that had migrated through the membranes were fixed with methanol, stained with 1% crystal violet and counted by Image-Pro Plus version 6.0 (Media Cybernetics Inc., MD, USA). Cell proliferation was evaluated by CCK-8 (Dojindo Laboratories Co., Ltd., Kumamoto, Japan). In brief, 5× 103 cells/well were plated in 96-well plates and cultured at 37°C for 24 h, 48 h, 72 h and 96 h. After CCK-8 solution was added to each well and incubated for 2 h, the cell proliferation was assessed according to the OD value at 450 nm, as measured by a Quant ELISA Reader (BioTek Instruments, VT, USA).




Results


Identification of DEGs and gene coexpression modules

A total of 36 CCA patients from the TCGA dataset were used as the training group. DEG analysis between normal (n = 9) and tumor (n = 36) tissues was conducted, and a total of 1531 DEGs were identified (|log2 FC|>1 and FDR<0.05) (Figure 1A and Table S2). Tumor tissues overexpressed 682 genes and downregulated 849 genes compared with normal tissues (Figure 1B). Then, we used the 1531 DEGs to construct gene coexpression modules based on the WGCNA method. After 3 was chosen as the optimal soft thresholding power β to ensure that the network was scale-free (Figure 1C), the hierarchical clustering tree showed four gene coexpression modules and 323 oligogenes (Figure 1D). The four gene coexpression modules were the turquoise module with 637 genes, the brown module with 149 genes, the blue module with 294 genes, and the yellow module with 128 genes; the gray module included 323 oligogenes that were not classified into any module (Figure 1D). The correlations between the DEGs and each of the four modules were visualized with dissTOM (Figure 1E). The correlations among the 4 modules are shown in Figure 1F.




Figure 1 | Identification of DEGs and coexpression modules. (A) The heatmap plot shows DEGs between tumor and normal tissues in CCA. (B) The volcano plot shows 849 genes downregulated and 682 genes upregulated in tumor tissues. (C) Determination of the soft thresholding power (β) for a correlation coefficient of 0.9, as shown by the red line in the left panel. (D) Clustering dendrograms show that four coexpression modules could be constructed based on all DEGs. (E) Network heatmap plot of the four modules; light red indicates a more significant correlation between genes, whereas darker red indicates a weaker correlation. (F) The eigengene adjacency heatmap shows the correlations between the 4 modules.DEGs: differentially expressed genes.





Determination of key modules related to clinical features

The correlations between the gene coexpression modules and clinical features in the training group were calculated and are shown in Figure 2A. As a result, the yellow module was significantly related to survival (R = 0.42, P = 0.01) and neoplasm histologic grade (R = 0.41, P = 0.01) (Figure 2A). The genes in the yellow module had a highly positive relationship with OS (Figure 2B, R = 0.67, P = 5.2e-18) and neoplasm histologic grade (Figure 2C, R = 0.74, P =1.9e-23). The 128 genes from the yellow module were used to construct the gene interaction network shown in Figure 2D. Then, KEGG and GO enrichment analyses were performed for the 128 genes to investigate the biological processes involved. KEGG pathway enrichment analyses indicated that the cell cycle, oocyte meiosis, the p53 signaling pathway, cellular senescence, progesterone-mediated oocyte maturation, human T-cell leukemia virus 1 infection, and the Fanconi anemia pathway were enriched in the yellow module (Figure 2E). GO enrichment analyses indicated that chromosome segregation, nuclear division, sister chromatid segregation, mitotic unclear division and organelle fission were the top 5 biological processes; chromosomal region, chromosome (centromeric region), condensed chromosome (centromeric region), condensed chromosome, and kinetochore were the top 5 cellular components; microtubule binding, tubulin binding, microtubule motor activity, DNA replication origin binding, and cytoskeletal motor activity were the top 5 molecular functions (Figure 2F).




Figure 2 | Determination of key modules related to clinical features. (A) Heatmap displaying the correlation between the coexpression modules and clinical traits and highlighting the yellow module as significantly related to survival and histologic neoplasm grade. (B) Scatter plot showing the correlation between gene significance and survival in the yellow module. (C) Scatter plot showing the correction between the gene significance and histologic neoplasm grade in the yellow module. (D) Gene interaction network of the 128 genes in the yellow module. (E) KEGG pathway enrichment results for genes from the yellow module. (F) GO-BP, GO-CC and GO-MF enrichment analyses of genes from the yellow module. BP, biological process; CC, cellular component; MF, molecular function.





Identification of key genes related to survival

Univariate Cox regression analysis was performed and verified that GOLGA7B, AGAP2−AS1, PBK, PRC1, PLK1 and GGH were significantly related to survival (Figure 3A). Then, multivariate Cox regression analysis was performed and identified the genes GOLGA7B and AGAP2−AS1 as significantly associated with survival (Figure 3B). High expression of GOLGA7B was associated with increased survival probability, while high expression of AGAP2−AS1 was associated with decreased survival probability (Figure 3C).




Figure 3 | Identification of key genes related to CCA patient survival. (A) The forest plot shows the six survival-related genes in the yellow module identified by univariate Cox regression analysis. (B) Forest plot showing that GOLGA7B and AGAP2−AS1 were independent survival-related genes determined through multivariate Cox regression analysis. (C) Kaplan–Meier curves showing that CCA patients with higher expression of GOLGA7B had a high survival probability, and those with a higher expression of AGAP2−AS1 had a lower survival probability. (D) mRNA expression of GOLGA7B and AGAP2−AS1 between tumor and normal tissues in CCA patients in the training group. (E) Analysis of Human Protein Atlas database indicated that GOLGA7B protein expression was significantly upregulated in CCA tumor tissues compared with cholangiocytes. The CCA tumor tissue came from a 67-year-old man (patient ID: 3334; staining: medium; quantity: 25%-75%; intensity: moderate). The normal tissue came from a 55-year-old man (patient ID: 2399; staining: not detected; quantity:<25%; intensity: weak). (F) qRT-PCR confirmed that GOLGA7B and AGAP2−AS1 were overexpressed in tumor samples compared to normal tissue samples. (G) Western blotting confirmed that the protein expression of GOLGA7B was significantly upregulated in tumor samples compared with normal tissue samples. * P<0.05; *** P<0.001; **** P<0.0001.



Compared with normal tissues, both GOLGA7B and AGAP2−AS1 RNA were highly expressed in tumor tissues (Figure 3D). In addition, the Human Protein Atlas database confirmed that the protein expression of GOLGA7B was significantly higher in CCA tumor tissues (Figure 3E). Moreover, Western blotting and qRT-PCR experiments were performed on nine pairs of matched CCA normal and tumor tissues and indicated that the protein and mRNA expression levels of GOLGA7B were significantly higher in tumor tissues than in normal tissues (Figure 3F, G) and that the lncRNA AGAP2−AS1 was substantially expressed at lower levels in normal tissues than in tumor tissues (Figure 3F).



Identification of the biological functions of GOLGA7B and AGAP2−AS1

As the functional enrichment analyses above showed that the genes in the yellow module were mainly enriched in cell proliferation, we further confirmed the biological functions of GOLGA7B and AGAP2−AS1 in vitro. GOLGA7B and AGAP2−AS1 were knocked down in both RBE and HuCCT-1 cells by GOLGA7B and AGAP2−AS1 siRNAs, respectively, as confirmed by qRT-PCR (Figure 4A) and Western blotting experiments (Figure 4B). The CCK-8 assay confirmed that GOLGA7B downregulation increased proliferation (Figure 4C), and the transwell assay confirmed that GOLGA7B downregulation promoted cell migration and invasion (Figure 4D), while AGAP2−AS1 downregulation had the opposite effect on cell growth, migration, and invasion (Figure 4C, D).




Figure 4 | Identification of the biological functions of GOLGA7B and AGAP2−AS1 in CCA. (A) Knockdown of GOLGA7B and AGAP2−AS1 in RBE and HuCCT-1 cells was confirmed at the mRNA level by qRT-PCR. (B) Knockdown of GOLGA7B in RBE and HuCCT-1 cells was confirmed at the protein level by Western blotting. (C) The CCK-8 assay verified the proliferation of RBE and HuCCT-1 cells after GOLGA7B and AGAP2−AS1 depletion. (D) Transwell assays were performed to measure the migration and invasion capabilities of RBE and HuCCT-1 cells after GOLGA7B and AGAP2−AS1 depletion. ** P<0.01; *** P<0.001.





Construction and internal validation of the two-gene prognostic signature

In our study, we further constructed a prognostic gene signature based on GOLGA7B and AGAP2−AS1, and each patient was assigned an RS that was calculated based on the expression values of these two genes and their corresponding multivariate Cox regression analysis coefficients (Table S3). The formula used to calculate the RS is presented above in the Materials and Methods section. We further conducted internal validation to verify the predictive value of the RS based on the training cohort’s two-gene signature. The median RS was used to categorize all CCA patients into high- and low-risk groups, with patients in the high-risk group having an RS above the median value (Table S3). The RSs of all 36 patients were presented in a risk plot (Figure 5A). The expression of AGAP2−AS1 increased gradually with increasing RS, while the expression of GOLGA7B decreased with increasing RS (Figure 5B). The high-risk group mainly comprised nonsurviving patients (Figure 5B). Kaplan-Meier survival analysis verified that CCA patients with a high RS had a worse OS than those with a low RS (Figure 5C). In addition, the AUC of the ROC curve was calculated to verify the diagnostic competence of the two-gene prognostic signature, and the AUCs of the two-gene prognostic signature for the 1-year, 3-year, and 5-year survival predictions were 0.85, 0.739, and 0.811, respectively (Figure 5D). The C-index for the internal validation group was 0.734.




Figure 5 | Construction and validation of the gene prognostic signature in the training group. (A) The risk plot shows the RS of each CCA patient. (B) The risk plot shows that CCA patients with higher RS values exhibited lower expression of GOLGA7B, higher expression of AGAP2−AS1, and a better survival rate. (C) Kaplan–Meier curves confirmed that CCA patients in the high-risk group had a poorer survival probability. (D) ROC curve to evaluate the diagnostic competence of the two-gene prognostic predictive signature based on the expression of GOLGA7B and AGAP2−AS1.





External validation of the two-gene prognostic signature

To determine whether the two-gene prognostic signature could reliably predict prognosis in various populations, a total of 30 CCA patients from the GEO database were designated as the testing group. GOLGA7B and AGAP2−AS1 were highly expressed in tumor tissues from the testing group, similar to the case in the training group (Figure 6A). On the basis of the Cox proportional hazards model, the RS of each patient was also calculated according to the RNA expression level of each gene and its regression coefficient, as described above. Thirty CCA patients were then classified into high- and low-risk groups with the median RS value as the cutoff (Table S4). A risk plot showing the RSs of the 30 patients was constructed (Figure 6B). The risk plot showed that the expression of GOLGA7B decreased with increasing RS (Figure 6C). The surviving patients were mainly assigned to the low-risk group, and the nonsurviving patients were mainly assigned to the high-risk group (Figure 6C). Kaplan-Meier survival analysis verified that CCA patients with a low RS had a better probability of OS  (Figure 6D). In addition, the AUCs of the ROC curves for the 1-year, 3-year, and 5-year survival predictions were 0.81, 0.75, and 0.716, respectively (Figure 6E). The C-index for the external validation group was 0.714.




Figure 6 | External validation of the prognostic gene signature in the testing group. (A) The RNA expression of GOLGA7B and AGAP2−AS1 in tumor tissues was higher than that in normal tissues of CCA patients in the testing group. (B) The risk plot shows the RS of each CCA patient in the testing group. (C) The risk plot shows that CCA patients with higher RSs were associated with lower GOLGA7B expression and a better survival rate. (D) Kaplan–Meier curves confirmed that in the testing group, CCA patients in the high-risk group had a lower survival probability. (E) ROC curve and AUC values for validating the predictive competence of the two-gene prognostic prediction signature. **** P<0.0001.





The landscape of tumor-infiltrating immunocytes in CCA

As the presence of tumor-infiltrating immunocytes is closely related to tumor prognosis (24), we performed CIBERSORT analysis to calculate the proportions of 22 types of tumor-infiltrating immunocytes for each CCA patient in the training group (Figure 7A) (25–27). Our research demonstrated that patients in the high-risk group had significantly lower levels of activated dendritic cells (P=0.035) and resting memory CD4 T cells (P=0.031) than those in the low-risk group but significantly higher levels of M0 macrophages (P=0.05) (Figure 7B).




Figure 7 | Characteristics of immunocytes in CCA. (A) CIBERSORT was used to calculate the relative percentages of 22 types of immunocytes for each CCA patient in the training cohort. (B) The mean relative proportions of the high- and low-risk groups. *P<0.05.





Construction of the prognostic signature combining clinical parameters with the gene signature

Using the training group, we combined the RS with clinical information including sex, age, grade, TNM stage and perineural invasion to construct a prognostic nomogram. Three patients without perineural invasion information were excluded. The Cox proportional hazards model was applied to evaluate the independent prognostic ability of the signature. Then, age (P = 0.0139), N stage (P=0.0231), RS (P=0.0243) and M stage (P=0.0799), which have prognostic value for OS in the training group, were incorporated into the nomogram (Figure 8A). The AUCs of the ROC curves for the 1-year, 3-year, and 5-year survival predictions of the nomogram were 0.943, 0.864 and 0.855, respectively, indicating a powerful capacity to differentiate patients with a favorable prognosis from patients with a poor prognosis (Figure 8B). In addition, the calibration curve showed excellent consistency between the predicted and observed survival probabilities at 1, 3 and 5 years (Figure 8C). Moreover, the C-index for the training group was 0.8597. These results revealed that the nomogram could accurately predict CCA patient survival.




Figure 8 | Nomogram for survival prediction. (A) A nomogram was built by combining the RS and clinical characteristics. (B) AUCs of ROC curves for 1-, 3-, and 5-year survival predictions were used to estimate the predictive accuracy of the nomogram. (C) Calibration plots predicting the 1-, 3- and 5-year survival probabilities of CCA patients. The predicted survival probability is displayed on the x-axis, and the actual survival probability is presented on the y-axis.






Discussion

CCA is a highly lethal and challenging to treat malignancy that is characterized by late diagnosis, early recurrence and metastasis, low resectability, frequent development of drug resistance and poor prognosis (2, 15, 28). In clinical practice, novel therapies such as immunotherapy and targeted therapy improve prognosis and significantly benefit patients with some cancers, including lung carcinoma, leukemia, melanoma and hepatocellular carcinoma (29–32). The use of these novel therapies for CCA was tested in clinical trials and showed some promising results, but the improvement of long-term prognosis was limited (2, 33, 34). To identify more useful therapeutic targets and potential biomarkers for the treatment and prognosis prediction of CCA patients, deeper and more thorough insights into the molecular processes of CCA progression are still needed (35, 36). RNA sequencing is a powerful tool for carcinoma research, significantly improving the understanding of the transcriptome characteristics of malignancies and providing potential prognostic biomarkers and therapeutic targets (10, 11, 37). Our study aimed to uncover novel predictive biomarkers and therapeutic targets for CCA by bioinformatic analysis based on the CCA mRNA transcriptome and related clinical data.

We identified 1531 DEGs in 36 CCA patients from the TCGA dataset. Then, we used the WGCNA method to divide the DEGs into four gene coexpression modules (the turquoise module with 637 genes, the brown module with 149 genes, the blue module with 294 genes, and the yellow module with 128 genes) and confirmed that the yellow module was significantly associated with CCA patient survival. WGCNA is an algorithm that can obtain gene coexpression modules from mRNA expression profiles, and genes within the same module are considered functionally related. In addition, WGCNA can identify the key modules that are significantly associated with clinical characteristics (19, 38).

In our study, WGCNA confirmed that the yellow module was significantly related to histologic neoplasm grade, in addition to survival. Cancers with high histologic grade are characterized by poor differentiation, rapid division and proliferation, and increased invasion and metastasis (39). Moreover, GO and KEGG pathway enrichment analyses indicated that the genes in the yellow module were mainly enriched in the biological processes chromosome segregation and nuclear division and the cell cycle pathway. In summary, enrichment analyses revealed that the genes in the yellow module were closely associated with cell division and proliferation. Thus, the key gene module defined and confirmed by WGCNA was reliably associated with clinical characteristics, and the results of WGCNA have biological significance and could be used for further analysis (14).

To detect the key genes that could serve as prognostic biomarkers and therapeutic targets, we performed univariate and multivariate Cox regression analyses to identify survival-related genes in the yellow module. We verified that the GOLGA7B and AGAP2−AS1 genes were significantly related to the survival of CCA patients. Upregulated GOLGA7B was a protective factor related to good prognosis, while AGAP2−AS1 was a risk factor associated with poor prognosis.

GOLGA7B is a novel accessory protein that has rarely been studied in the context of carcinoma. Woodley et al. showed that S-acylated GOLGA7B could interact with and stabilize DHHC5 at the plasma membrane to enhance cell adhesion and restrain cell scatter (40). Loss of cell adhesion causes loss of contact inhibition, which results in increased cell migration, cell proliferation and cancer progression (41, 42). We also found that downregulated GOLGA7B led to enhanced proliferation, invasion and metastasis of CCA cells. Meanwhile, AGAP2−AS1 is a lncRNA and was recognized as an oncogene in several types of cancer, such as adenocarcinoma, laryngeal squamous cell carcinoma, breast cancer and lung cancer (43–45). Some studies have elucidated the molecular process by which AGAP2−AS1 promotes cancer progression. Pengyu et al. reported that AGAP2-AS1 promoted cell invasion and proliferation by upregulating the miR-193a-3p/LOXL4 pathway in laryngeal squamous cell carcinoma (45). Yan et al. confirmed that AGAP2-AS1 regulated the migration, invasion, proliferation and apoptosis of glioma cells via the miR-628-5p/PTN axis (46). We found that AGAP2-AS1 modulated the proliferation, migration and invasion of CCA, and Ji et al. confirmed that SP1-induced AGAP2-AS1 promoted CCA proliferation by silencing CDKN1A (47). Therefore, both GOLGA7B and AGAP2−AS1 regulate CCA progression and are potential therapeutic targets for CCA. GOLGA7B is a novel and promising target, and further study is required to illustrate the molecular mechanisms by which it inhibits cancer progression.

Our study also verified that GOLGA7B and AGAP2−AS1 could be prognostic biomarkers for CCA patients. We calculated an RS for each CCA patient in the training and testing groups based on the RNA expression of GOLGA7B and AGAP2−AS1 and related regression coefficients. The CCA patients were categorized into low- and high-risk groups according to the RS value, and the high-risk group generally exhibited a poor prognosis. Both internal and external validation experiments verified that the two-gene prognostic signature could precisely predict CCA patient prognosis.

Recently, several prognostic gene signatures have been constructed for CCA (48). Wang et al. identified a signature consisting of five ferroptosis-related genes for predicting the prognosis of cholangiocarcinoma (49). Wang et al. created a thirteen-lncRNA prognostic signature for iCCA (50). Zou et al. built a metabolism-related 4-lncRNA prognostic model for iCCA (51). However, compared with these previous signatures, the two-gene prognostic signature defined in our study has some advantages. First, with confirmation by internal and external validation, our study indicated that the two-gene prognostic signature could precisely predict CCA patient prognosis and can be widely used. Second, GOLGA7B and AGAP2−AS1 were filtered out from all DEGs and were significantly associated with clinical characteristics. Thus, these survival-related genes represented the genome-wide transcription profile, had high biological significance and could be used to construct reliable prognostic signatures. Third, only two genes were included in the construction of the prognostic signature in our study, making it much smaller than the signatures in previous studies. Therefore, this two-gene prognostic signature is more suitable for future clinical translation or the development of a detection kit for clinical applications.

Nevertheless, several limitations to our study should also be noted. Our study was a retrospective study, and all the data were acquired from public databases. In addition, the number of samples in both the training and testing groups may be insufficient. Thus, selection bias and information bias are inevitable, and further extensive prospective studies must be implemented to verify the results of our study. Moreover, our study preliminarily explored the biological properties of GOLGA7B and AGAP2−AS1. Nevertheless, clarifying the molecular pathways by which GOLGA7B and AGAP2-AS1 regulate cancer development and alter prognosis will require more in vivo and in vitro research.



Conclusion

A prognostic signature comprising AGAP2−AS1 and GOLGA7B could accurately predict the prognosis of CCA patients. AGAP2−AS1 and GOLGA7B were associated with the proliferation, invasion and metastasis of CCA cells. Both AGAP2−AS1 and GOLGA7B are potential therapeutic targets and prognostic biomarkers for CCA.
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Name
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SiRNA-AGAP2-ASI -2
SiRNA-AGAP2-ASI -3

SS sequence

GGUAAGUGUUCCUGAUCAACA
GGUGUUUAAGCAAGUUUAAGU
GGUUCCUAGUAGAUAUCAAGG
GAGCAAUCCGAGUGUGGAAAC
GACACGAUCAGGAACUCAAAG
CCACUUGUUACCUGCUUUAUA

AS sequence

UUGAUCAGGAACACUUACCUG
UUAAACUUGCUUAAACACCGG
UUGAUAUCUACUAGGAACCUA
UUCCACACUCGGAUUGCUCUG
UUGAGUUCCUGAUCGUGUCCA
UAAAGCAGGUAACAAGUGGGG





