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Abstract20

Background: Cholangiocarcinoma (CCA) is a rare malignant carcinoma21

characterized by high mortality, challenging diagnosis, and poor prognosis. A powerful22

prediction biomarker is urgently needed for the early diagnosis and individualized23

treatment of CCA patients.24

Methods: A systematic bioinformatics analysis was conducted based on mRNA25

expression data and clinical information from The Cancer Genome Atlas (TCGA), Gene26

Expression Omnibus (GEO) and National Genomics Data Center (NGDC) datasets.27

Differentially expressed genes (DEGs) between tumor tissues and adjacent counterpart28

controls were identified in the TCGA and GSE107943 datasets. A nine-gene prediction29

model was constructed, and its effects on CCA prognosis were analyzed using univariate,30
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multivariate and LASSO Cox proportional hazards regression models, Kaplan-Meier1

plotter, CIBERSORT and OncoPredict in the discovery and validation cohorts.2

Additionally, the expression profiles of the target genes were determined via qRT-PCR and3

DEG analyses in an independent cohort.4

Results: A nine-gene signature (HELLS, HOXC6, MFSD2A, OTX1, PTGES, PYGB,5

SMOC1, TEX30 and ZBTB12) displayed excellent predictive performance for the overall6

survival of CCA. According to the prognostic signature, CCA patients were classified into7

high-risk and low-risk groups, with obvious differences in overall survival probabilities.8

The low-risk group had a significantly better prognosis than the high-risk group in both9

the discovery cohort (n = 66) and replication cohort (n = 255) (P < 0.0001, P < 0.0001).10

Additionally, five cancer drugs (Erlotinib, ML323, AGI-6780, Gallibiscoquinazole and11

AZD3759) presented clearly specific sensitivities for high-risk and low-risk group patients.12

Moreover, according to tumor microenvironment analyses, high-risk group patients had a13

higher level of M0 macrophage infiltration than low-risk group patients (P = 0.025, P =14

0.0048). In replicating the expression patterns of the nine genes, eight of the nine genes15

(except TEX30) were found to have significant expression profiles between 15 tumor16

tissues and adjacent counterpart controls; moreover, the qRT-PCR results validated the17

abnormal expression pattern of the target genes in CCA.18

Conclusions: Collectively, we established an effective prognostic model for different19

populations of CCA patients based on nine DEGs. These findings may provide potential20

benefits for the development of new prognostic biomarkers and therapeutic targets for21

CCA.22

23

Key words: Cholangiocarcinoma, prognostic biomarker, microenvironment, infiltration,24

comprehensive analysis25

26

Background27

CCA is a rare and lethal disease accounting for nearly 3% of digestive neoplasias and28

15% of primary liver cancers [1-3]. However, the global incidence and mortality rates of29

this fatal disease have increased in recent decades [4-6]. Due to the absence of obvious30
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clinical symptoms or characteristics at the early stages, most CCA patients are diagnosed1

at advanced stages with limited therapeutic options, resulting in a disappointing prognosis2

with a median overall survival (OS) duration of less than 18 months [7-10]. Despite3

advances in curative therapeutics for CCA, surgery is not suitable for patients at advanced4

stages, and the operative resection rate is no more than 30%, with a high recurrence rate5

after resection [3, 9].6

Imaging techniques, including CT scans and MRI, have been applied for the7

diagnosis of CCA. However, their accuracy and sensitivity still need to be improved and8

require additional histological confirmation. A traditional serum biomarker, carbohydrate9

antigen 19-9 (CA19-9), is used to aid in the diagnosis of intrahepatic and extrahepatic10

tumors. Confounded by many factors, such as being negative for Lewis antigen and/or11

positive for bacterial cholangitis, the sensitivity, specificity, and adjusted positive12

predictive value of CA19-9 are dramatically dampened in the diagnosis of CCA [11-13].13

Hence, more efficient biomarkers are urgently needed to improve the clinical outcomes of14

CCA patients.15

Although individualized medicine and precise therapies have been improved for16

various tumors in decades, the characteristics of the biological mechanisms in CCA17

remain largely unknown. In addition, CCA is highly heterogeneous at the intertumoral and18

intratumoral levels. The development of new diagnostic methods, therapeutic options, and19

personalized medicine and the individual characterization of these tumors at both the20

genomic and epigenomic levels via multiomics analysis to ascertain their pathogenesis and21

the subtypes of CCA are essential [4, 8, 14]. Of note, the incidence rate of CCA presents22

considerable geographical variation, greater than 6 per 100,000 habitants in East Asian23

countries and 0.3-6 per 100,000 habitants in others [15]. Discrepancies in the incidence24

rate seemingly indicate the difference in risk factors and genetic predispositions. In25

addition, Farshidfar and his colleagues reported four possible molecular subtypes of CCA26

based on specific variations in DNA methylation, gene expression, copy number27

alterations, and mutation profiles [16]. Benefiting from sequencing methods and28

bioinformatic analysis development, we aimed to characterize CCA using genetic and29

epigenetic features for diagnosis, prognosis prediction, and personalized treatments.30
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In the current study, we comprehensively analyzed the expression profiles in tumor1

tissues of CCA and adjacent normal specimens from The Cancer Genome Atlas (TCGA)2

and Gene Expression Omnibus (GEO) datasets. Univariate, least absolute shrinkage and3

selection operator (LASSO), and multivariate Cox regression analyses were performed to4

screen OS-related differentially expressed genes (DEGs), which allowed us to extend the5

knowledge of the biological function of the CCA-specific genes in the prognostic process.6

The accuracy and sensitivity of the constructed prognostic model were further validated7

with a large cohort of Chinese CCA patients. In addition, the potential relationships8

between tumor immune cell infiltration and drug sensitivity and the prognostic signature9

were also investigated. Furthermore, independent cohort analysis and qRT-PCR were10

performed to verify the expression patterns of the genes involved in the prognostic model.11

Our findings presented the prognostic value of a novel nine-gene prediction model and12

provided novel insights into the potential mechanism as well as therapeutic opportunities13

in CCA.14

15

Methods16

Data and resources17

The level three count-based gene expression profiles and associated clinical18

information of the TCGA-CCA cohort (n = 45), which included 9 adjacent normal tissue19

samples and 36 tumor tissue samples, were downloaded from the UCSC Xena browser20

(https://gdc.xenahubs.net) [17]. GSE107943 and GSE119336 were collected from GEO as21

validation datasets (https://www.ncbi.nlm.nih.gov/geo/). GSE107943 is a high-throughput22

sequencing dataset that contains 30 CCA tissue samples and 27 adjacent normal tissue23

samples. To ameliorate potential false-positive results, nonexpressed or lowly expressed24

genes with average counts less than 5 were excluded from downstream analyses.25

Considering the heterogeneity of CCA in different populations [4, 8] and the fact that the26

majority of patients in the GSE107943 and TCGA-CCA cohorts were European and27

American, we also downloaded GSE119336, an RNA-seq dataset that included paired28

CCA tumor tissues and adjacent tissues from 15 Chinese CCA patients, for further29

validation of the abnormal expression of HELLS, HOXC6, MFSD2A, OTX1, PTGES,30
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PYGB, SMOC1, TEX30 and ZBTB12. However, OS information was not reported in the1

GSE119336 dataset. Hence, to replicate the accuracy and sensitivity of the novel2

nine-gene prognostic model in different populations, the mRNA expression profiles and3

associated clinical information of 255 Chinese CCA patients were acquired from the4

NGDC dataset (https://www.biosino.org/node/project/detail/OEP001105).5

Gene coexpression network analysis6

To better understand the etiology of bile duct neoplasia, we employed the R package7

WGCNA [18, 19] to identify coexpressed gene subnetworks (modules) using RNA-seq8

expression data from TCGA-CCA. Specifically, we first normalized the gene count data in9

reads per kilobase per million mapped reads (RPKM) format. Then, a weighted10

coexpression network was constructed based on the correlations among all gene pairs.11

Subsequently, the correlation matrix between gene pairs was converted into a scale-free12

adjacency matrix. Finally, the unsigned adjacency matrix was translated as a topological13

overlap matrix with default parameters to assess the modular architectures of module14

interconnections [19]. Thirty-one coregulated gene modules were generated by average15

linkage hierarchical clustering according to topological overlap (Fig. 1a). The module16

sizes of the included genes ranged from 75 to 8,642. Furthermore, we implemented17

analysis to directly evaluate the relationship between modules and experimental covariates,18

such as diagnosis, BMI, sex, race, and age.19

Differential gene expression analysis20

We performed DEG analyses using the DESeq2 package (v. 3.6.3) [20]. Genes with21

both significant multi-test corrected P values (Bonferroni-corrected P value < 0.05) and22

log2-transformed fold changes (absolute value of log2FC > 1) were defined as23

CCA-associated DEGs. Only DEGs with concordant LFC in the training and validation24

datasets were retained for further analyses. In addition, the aberrant expression level of the25

genes included in the prediction model were validated by using the qRT-PCR assay.26

Reverse transcription reactions were performed with the PrimeScriptTM II 1st Strand27

cDNA Synthesis Kit (TaKaRa) following the manufacturer’s protocol. qRT-PCR was28

performed with UltraSYBR Mixture (CWBIO). The primers are listed in Table S1. The29

transcriptome expression levels were assessed relative to the expression of GAPDH by the30
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2 -ΔΔCt method and then evaluated by Welch’s t test.1

Pathway enrichment analysis2

To illuminate the potential pathologies of CCA, the R package ClusterProfiler (v.3

3.14.3) was applied to perform Kyoto Encyclopedia of Genes and Genomes (KEGG)4

pathway enrichment analysis [21]. Items with false discovery rate (FDR) values less than5

0.05 were considered significantly enriched pathways. Gene set enrichment analysis6

(GSEA) was conducted using RPKM format expression data with the R packages7

gerichplot, ggplot2 and ClusterProfiler (v. 3.14.3) [22].8

Identification of survival-related genes and construction of a prognostic signature for9

CCA10

Because of the limited number of patients enrolled in the TCGA-CCA (n = 33) and11

GSE119336 (n = 30) cohorts, we combined the patients from the two datasets into a12

discovery cohort to perform further analysis. Expression data from TCGA-CCA and13

GSE119336 were used to identify the association between the abovementioned DEGs and14

OS. First, a univariate Cox proportional hazards regression model was conducted to screen15

prognosis-related genes through the R package glmnet (v 4.1.2) [23]. Genes with a P value16

less than 0.05 were considered statistically significant and were used for further analyses.17

Second, a LASSO-penalized Cox regression model with 100-fold cross-validation was18

performed to select the model with the best predictive performance. According to the19

linear combination of the regression coefficients from LASSO, a risk score was calculated20

for each patient. The patients were divided into high-risk and low-risk groups based on the21

median value of all risk scores. Kaplan–Meier analysis (K-M) and time-dependent22

receiver operating characteristic curves (ROC) were employed to assess the sensitivity and23

specificity of the constructed model. A P value less than 0.05 in K-M analysis was24

considered significant. To test the prognostic risk score and assess its predictive precision25

and sensitivity in different populations, we performed the same analyses on 255 Chinese26

CCA patients from the NGDC dataset.27

The K-M and ROC analyses were conducted by using the R packages timeROC (v28

0.4), survival (v 3.2-11), survminer (v 0.4.9), and survivalROC (v 1.0.3) in both the29

training and validation datasets. Additionally, the relationships between the expression30
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levels of the genes in the prognostic signature, including mRNAs, and the OS rate were1

analyzed in the training and validation datasets. The K-M survival curves were drawn with2

a modified drawing function ‘ggsurvplot’ in survminer (v 0.4.9).3

Assessment of immune cell infiltration4

The CIBERSORTx algorithm was applied to evaluate the relative abundance of 225

types of tumor-infiltrating immune cells based on the gene expression in the TCGA-CCA6

dataset [24, 25]. The category of immune cell types included naive B cells, memory B7

cells, plasma cells, resting memory CD4+ T cells, activated memory CD4+ T cells, naive8

memory CD4+ T cells, CD8+ T cells, follicular helper T cells, regulatory T cells, gamma9

delta T cells, resting natural killer cells (NK), activated NK cells, monocytes, M0-M210

macrophages, resting mast cells (MCs), activated MCs, resting dendritic cells, activated11

dendritic cells, eosinophils, and neutrophils. Because of the limited number of samples in12

the separate datasets, we combined the two datasets to identify the immune-related cell13

proportions.14

Drug sensitivity differences of the risk score classification15

Drug sensitivity to chemotherapeutic drugs and novel therapeutic drugs for CCA16

patients were evaluated according to the Genomics of Drug Sensitivity in Cancer (GDSC)17

database (https://www.cancerrxgene.org/). The half-maximal inhibitory concentration18

(IC50) of each drug for CCA was predicted by the R package OncoPredict (v. 0.2) with19

the RNA-seq expression matrix [26]. The Wilcoxon test was applied to calculate drug20

sensitivity differences between the low-risk and high-risk groups in the training and21

validation cohorts. The threshold for significance was set as a P value < 0.05.22

23

Results24

Network analysis identified CCA-related transcriptional signatures25

In the present study, the analysis processes were implemented according to the26

workflow shown in Fig. 1. To gain better insight into the molecular mechanisms involved27

in CCA, we constructed a coexpression network and investigated the orchestration of the28

transcriptome in 45 specimens from the TCGA-CCA cohort as described in the Methods.29

Thirty-one transcriptional modules were identified in CCA, and each module was30
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annotated with an arbitrary color (Fig. 2a). We found that the “turquoise”, “salmon” and1

“brown” modules were significantly correlated with disease status (P =2.0 × 10–21, P =5.02

× 10–07 and P =3.0 × 10–06, respectively), while there was no significant association with3

BMI, sex, race, or age (Fig. 2b). Because the turquoise module was the most significant4

module associated with CCA, we focused on genes in this module for further analyses. A5

total of 8,642 mRNAs were grouped in the turquoise module.6

Highly coexpressed DEGs in CCA7

To evaluate the effects of aberrantly expressed transcriptomes in CCA, we8

implemented DEG analysis in the training and validation datasets. Compared with9

adjacent normal tissues, DESeq2 identified 2,435 upregulated mRNAs and 2,02610

downregulated mRNAs in the training cohort (Table S2) and 4,443 upregulated mRNAs11

and 2,745 downregulated mRNAs in the replication dataset (Table S3). Furthermore, by12

intersecting the DEGs in the two datasets, we found a total of 3,414 replicated DEGs,13

including 1,867 upregulated and 1,547 downregulated genes (Fig. 2c). We further selected14

the 1,934 overlapping genes between the DEGs and the genes in the turquoise module as15

potential CCA-associated genes. KEGG pathway enrichment was performed for those16

1,934 DEGs to determine whether these highly correlated DEGs might play important17

roles in the tumorigenesis of CCA. We identified 52 significantly overrepresented18

pathways (Fig. 2d, and Table S4), including several key pathways that participated in the19

specific metabolic vulnerabilities during the metastatic processes of various cancers20

[27-31].21

Construction of the prognostic prediction model22

To identify prognostic biomarkers for CCA, 1,934 potential targets were further23

subjected to univariate Cox regression analysis. Our DEG analysis revealed that the 1,93424

potential targets were aberrantly expressed with consistent profiles in the TCGA-CCA and25

GSE119336 datasets, so we performed further analyses with individuals from the two26

datasets as the training set with the goal of increasing our statistical power (n = 66). A total27

of 122 DEGs were found to be significantly associated with OS (Supplementary Table 5).28

LASSO modeling identified a nine-DEG-based signature (Fig. 3a, 3b), which included29

helicase (HELLS), homeobox C6 (HOXC6), major facilitator superfamily domain30
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containing 2A (MFSD2A), orthodenticle homeobox 1 (OTX1), prostaglandin E synthase1

(PTGES), glycogen phosphorylase B (PYGB), SPARC-related modular calcium binding 12

(SMOC1), testis expressed 30 (TEX30) and zinc finger and BTB domain containing 123

(ZBTB12). The risk score for CCA was calculated as follows: (0.0355341 × expression4

level of HELLS) + (-0.2285914 × expression level of HOXC6) + (0.3774950 × expression5

level of MFSD2A) + (0.0024277 × expression level of OTX1) + (0.0898670 × expression6

level of PTGES) + (0.1894858 × expression level of PYGB) + (1.6696174 × expression7

level of SMOC1) + (0.7596718 × expression level of TEX30) + (0.1891796 × expression8

level of ZBTB12).9

All CCA patients were divided into high-risk and low-risk groups for the discovery10

(high-risk: n = 33, low-risk: n = 33) and validation datasets (high-risk: n = 128, low-risk: n11

= 127) according to corresponding median values of the risk score. Remarkably, the ROC12

curve analysis in the discovery cohort showed that the areas under the ROC curve (AUC)13

values at 6, 12 and 36 months were up to 0.901, 0.886 and 0.880, respectively (Fig. 3c). In14

the validation dataset, the AUC values at 6, 12 and 36 months were 0.656, 0.643 and 0.654,15

respectively (Fig. 3d). The K-M analysis indicated that the low-risk group had a better OS16

rate than the high-risk group in the training dataset (Fig. 3e, P < 0.0001). In addition, in17

line with the K-M analysis in the training dataset, the high-risk group was associated with18

a worse OS rate in the validation dataset (Fig. 3f, P < 0.0001). The association between19

OS and the risk score was explored through multivariate Cox regression, and the hazard20

ratios (HRs) and 95% confidence intervals (CIs) are presented as forest plots (Fig. 3g).21

Because several datasets lacked information on progression-free survival (PFS),22

disease-free survival (DFS) and disease-specific survival (DSS), the model performance in23

predicting DSS, PFS, and DFS in CCA patients could not be estimated.24

The risk model predicted the infiltration of immune cells in CCA25

To recognize the indicative role of prognostic signals in the tumor microenvironment26

(TME), we implemented CIBERSORT to evaluate the infiltration of 22 immune-related27

cells in CCA in the discovery and validation cohorts. CD4 naive T cells were not detected28

based on RNA-seq in the discovery cohort, and CD4 naive T cells, gamma delta T cells,29

activated dendritic cells, and resting mast cells were not identified in the validation cohort30
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(Fig. 4a, 4b). Then, the differential distribution of the detected immune-related cells1

between the high-risk and low-risk groups was examined by the Wilcoxon rank-sum test.2

Compared with those in the low-risk group, the proportions of M0 macrophages were3

significantly increased in the high-risk group in both the discovery and validation datasets4

(P = 0.025 and P = 0.005, respectively). Neutrophils were significantly increased in the5

high-risk group in the discovery cohort (P = 0.004), whereas high infiltration was not6

observed in the validation cohort (P = 0.18). In addition, resting memory CD4 T cells,7

activated NK cells and M2 macrophages were significantly decreased in the high-risk8

group compared with the low-risk group in the validation cohort (P = 0.026, P = 0.003,9

and P = 0.025, respectively), and activated mast cells were increased in the low-risk group10

(P = 0.0003). However, these results did not meet the statistically significant threshold in11

either cohort.12

Assessment of prognostic factors in CCA13

To better understand the relevance and underlying mechanisms of the novel14

prognostic model in CCA, we applied univariate and multivariate Cox regression analyses15

to evaluate whether the nine-gene model was an independent prognostic factor of OS for16

cholangiocarcinoma patients in the discovery and validation datasets. As shown in Tables17

1 and 2, both univariate (discovery cohort: P = 3.40 × 10–06; validation cohort: P = 8.96 ×18

10–05) and multivariate (discovery cohort: P = 4.76 × 10–06; validation cohort: P = 1.23 ×19

10–03) Cox regression analyses indicated that the risk score was an independent prognostic20

factor. TNM stage was an independent indicator for predicting CCA patient OS in the21

validation cohort (univariate analysis: P = 1.79 × 10–08; multivariate analysis: P = 2.96 ×22

10–07). However, TNM stage as an independent prognostic factor was not replicated in the23

training cohort (univariate analysis: P = 0.22; multivariate analysis: P = 0.89). These24

results showed that the nine-gene signature was an independent prognostic factor for25

different populations of CCA patients.26

Furthermore, associations between the clinicopathological features and the high-risk27

and low-risk groups in the two datasets were assessed. As shown in Table 3, the28

proportions of intrahepatic metastasis, vascular invasion, CA19-9, CEA and γ-GT were29

dramatically higher in the high-risk group than in the low-risk group in the replication30
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cohort. However, without this clinicopathological feature information in the discovery1

dataset, we were unable to confirm the relationship between these features and the risk2

score in an independent dataset. In addition, for the different pathological stages of CCA,3

the proportion of advanced stages (III, IV) in the high-risk group was significantly higher4

than that in the low-risk group (chi-square test, P = 0.018). A statistically significant5

signature was not identified in the training cohort (P = 0.234).6

To identify the drug sensitivity differences of chemotherapeutic drugs and novel7

inhibitors for CCA patients between the high-risk and low-risk groups, the mRNA8

expression matrix of the training and validation cohorts was used for estimation with9

OncoPredict (v. 0.2) [26]. As a result, erlotinib, ML323, AGI-6780, Gallibiscoquinazole10

and AZD3759 revealed more sensitivity in the high-risk group than in the low-risk group11

in both datasets (training cohort: P = 0.04, P = 0.05, P = 0.02, P = 0.04, and P = 0.03,12

respectively; validation cohort: P = 0.01, P = 2.2 × 10–04, P = 9.1 × 10–06, P = 6.9 × 10–05,13

and P = 5.8 × 10–03, respectively) (Fig. 5 a-g).14

KEGG enrichment in the risk score phenotype15

GSEA was performed to reveal the risk score-associated pathways. Five and seven16

pathways were significantly associated with the risk score in the discovery cohort and17

validation cohort, respectively, after FDR correction. In the training set, high-risk score18

phenotype sets were enriched in bile section, chemical carcinogenesis-receptor activation,19

complement and coagulation cascades, cytokine-cytokine receptor interaction, and drug20

metabolism-other enzymes. In the validation set, high-risk score phenotype sets were21

enriched in complement and coagulation cascades, cytokine-cytokine receptor interaction,22

IL-17 signaling pathway, mucin type O-glycan biosynthesis, NK-mediated cytotoxicity,23

neutrophil extracellular trap formation, and TNF signaling pathway (Fig. 5k, 5i). These24

results indicated that cytokine-cytokine receptor interactions and complement and25

coagulation cascades, two inflammatory immune response-related pathways, as common26

pathways, might play an essential role in the molecular pathology of CCA.27

Validation of the prediction model including gene expression patterns28

To replicate the prediction model that included genes’ abnormal expression profiles,29

we performed DEG analysis on an independent cohort with 15 CCA cancer tissues and 1530
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adjacent tissues. As shown in Fig. 6 a-c, except for TEX30 (P = 0.41), eight of the nine1

genes included in the prognostic model were validated, with P values ranging from 2.0 ×2

10–54 to 7.2 × 10–03. According to the qRT-PCR experiment results, compared with the3

normal cell line, the majority of the target genes were significantly aberrantly expressed in4

each CCA cell line (P < 0.05), except HELLS and MFSD2A in the RBE cell line (Fig. 75

a-i).6

7

Discussion8

CCA is a highly fatal digestive disease with poor diagnosis and prognosis. Traditional9

clinicopathological and physiological characteristics have been examined to diagnose the10

disease and reflect cancer progression. Unfortunately, the outcomes are still unsatisfactory.11

In addition, CCA cells potentially stem from both hepatocytes and cholangiocytes, and the12

differentiated origin of CCA possibly represents specific characteristic features [32, 33].13

However, the molecular characterization and clinical features of different subgroups of14

CCA are still unclear. Hence, molecular prognostic markers, as an effective and sensitive15

method, may be applied as a beneficial supplement to traditional clinicopathological16

parameters for bile duct cancer patients to increase prognostic prediction, early diagnostic17

precision, subgroup identification and personalized treatment. Molecular markers are a18

dynamic tool that can be quantified by standardized detection procedures that fluctuate19

with tumor progression to reflect the prognosis of CCA patients in real time. Moreover,20

the nine-gene prognostic model including genes may also play essential roles in the21

progression of CCA and serve as novel targets for therapy.22

In the current study, we identified 3,414 replicated DEGs in two independent cohorts23

of CCA, and 122 of them were significantly associated with OS. A novel nine-gene-based24

signature was constructed by LASSO Cox regression to predict the OS of CCA. The25

prognostic signature was established in the training dataset and further validated in a26

dataset with a large number of CCA patients with high sensitivities and accuracies.27

Heterogeneity among different populations has been widely reported to influence the28

biological mechanisms, management, and pathological features of CCA patients [4, 8].29

Thus, constructing a prognostic biomarker with high precision and sensitivity in different30
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populations is urgently needed to improve prognosis. The majority of patients enrolled in1

the TCGA and GSE107943 datasets were European and American. Hence, to detect the2

precision and stability of the prognostic model in different populations, we evaluated the3

nine-gene-based model in 255 Chinese CCA patients. Strikingly, the low-risk group4

separated by the novel prognostic model had a better prognosis than the high-risk group in5

the training and validation cohorts. In addition, to validate the aberrant expression profile,6

the prognostic model including genes was subjected to DEG analyses with 15 paired7

Chinese CCA tumor tissues and adjacent counterpart controls. Among these genes, eight8

of the nine genes, HELLS, HOXC6, MFSD2A, OTX1, PTGES, PYGB, SMOC1 and9

ZBTB12, were significantly aberrantly expressed compared with tumor tissues and10

adjacent controls. Furthermore, consistent with the analysis results, the mRNA expression11

levels of HELLS, HOXC6, OTX1, PTGES, PYGB and ZBTB12 were significantly12

overexpressed in CCA cell lines compared with normal bile duct cells, and MFSD2A,13

SMOC1 and TEX30 were significantly silenced in CCA cell lines. However, HELLS and14

MFSD2A did not reach the significance threshold in the RBE cell line (P > 0.05).15

Five of those nine prognostic genes (HELLS, HOXC6, MFSD2A, OTX1 and PYGB)16

were previously reported to be associated with various cancers. HELLS, as one of the17

critical genes for chromatin modifiers, plays oncogenic roles in the progression and18

development of pancreatic cancer, gastric cancer, lymphoma and lung cancer [34-37].19

Overexpression of HELLS is associated with poor prognosis in pancreatic cancer [38].20

HELLS expression regulates the hub gene of cytokinesis-related genes, which cooperates21

the process of cellular proliferation, cytoskeleton organization and cytokinesis. HOXC6,22

OTX1, and PYGB serve as prognostic biomarkers for cervical cancer, gastric cancer, and23

lung cancer [39-41]. In several carcinomas, high expression levels of HOXC6, OTX1, and24

PYGB were significantly associated with increased tumor invasion and migration and poor25

prognosis. Epigenetic silencing of MFSD2A was associated with better prognosis in26

gastric cancer and lung cancer [42, 43]. However, the biological function of these genes in27

CCA is still unclear, and further investigation is needed to explore the potential28

mechanisms of these target genes in the future.29

The tumor immune microenvironment is considered a key regulator of carcinogenesis,30
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angiogenesis, and tumor growth and affects the efficacy of radiotherapy, chemotherapy,1

and immune checkpoint therapy [44, 45]. Bile duct carcinoma is characterized by an2

intricate microenvironment in which the stroma is composed of tumor-associated3

endothelial cells, fibroblasts, macrophages, neutrophils, NK cells, and T cells [46].4

According to the infiltration of immune cells in CCA, we detected more M0 macrophage5

infiltration in the high-risk group in the training and validation datasets. Furthermore, M26

macrophage infiltration was significantly decreased in the low-risk group in the validation7

cohort, whereas significant infiltration was not identified in the training dataset. M08

macrophages are nonactivated macrophages and differentiate into M1/2 macrophages in9

the presence of specific conditions. M1 macrophage infiltration promotes an inflammatory10

microenvironment by increasing the expression of IL-1, IL-6 and IL-12, and M211

macrophage infiltration promotes inflammatory escape by increasing the expression of12

PD-L1 and IL-10 [47, 48]. A previous study suggested that patients with a higher13

infiltration of CD8+ T cells and M1 macrophages in the TME have a better prognosis and14

high immune checkpoint gene expression than those infiltrated by M0/2 macrophages [22,15

49]. In our results, the microenvironment of the CCA high-risk group had significantly16

enriched M0 macrophage infiltration. Therefore, it seems that suppressing the infiltration17

of M0/2 macrophages might improve the prognosis of CCA patients.18

In addition, the risk score for CCA was positively correlated with neutrophils in the19

training cohort and positively correlated with activated MCs and negatively correlated20

with activated memory resting NK cells in the validation cohort. Previous studies reported21

that the abundance of cancer-associated fibroblast cells was positively correlated with22

tumor growth and poor prognosis [50, 51]. Cancer-associated fibroblasts regulate innate23

immunity by suppressing NK-cell activation to promote immunosuppression [52].24

Moreover, NK-cell-induced antibody-dependent cellular cytotoxicity increased cancer cell25

death, and infusion of NK cells in CCA mouse xenograft models resulted in tumor26

regression [53, 54]. Immune checkpoint blockade with monoclonal antibody therapies has27

been implemented as a novel plan for treating numerous malignancies with remarkable28

and durable response rates [55], while clinical trials of immunotherapies in CCA have29

displayed less notable success [8]. NK cells are currently widely targeted in30
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immunotherapy for cancer patients without major histocompatibility complex (MHC)1

class I [56]. When the MHC I expression level is downregulated or silenced in cancer cells,2

NK cells are activated to remove tumor cells. Laura and her colleagues demonstrated that3

activated MCs could induce biliary hyperplasia, hepatic fibrosis and vascular bed4

dysfunction, and knockout or inhibition of MCs was likely to be a better therapy for5

patients with cholangiopathies [57]. Our results extend the knowledge that downregulated6

MCs could also improve the OS of cholangiocarcinoma patients. In summary, these results7

strongly highlighted that upregulated activated NK-cell infiltration and downregulated8

resting MC infiltration in the low-risk group of the prognostic model might exhibit9

tumor-inhibiting effects in CCA. Furthermore, it is necessary to explore the therapeutic10

value of the TME of M0 macrophages, NK cells and MCs in immune checkpoint therapy11

for CCA.12

For the drug sensitivity analyses, 5 kinds of therapeutic drugs, erlotinib, ML323,13

AGI-6780, Gallibiscoquinazole and AZD3759, revealed more sensitivity in the high-risk14

group than in the low-risk group. Erlotinib, a protein kinase inhibitor, can be targeted to15

suppress the epidermal growth factor receptor system in several different types of cancer16

[58]. However, a phase III clinical trial of CCAwith erlotinib showed negative results [59].17

In our results, the IC50 value of erlotinib in the low-risk group was significantly lower18

than that in the high-risk group, which suggested that erlotinib may be more effective for19

the low-risk group than for the high-risk group. Thus, the novel prognostic model20

probability can serve as a personalized treatment indicator for CCA patients.21

Although comprehensive analyses were performed to investigate the potential22

mechanisms of the prognostic biomarkers for CCA, this study has certain limitations. First,23

immune cell infiltration in bile duct cancer was assessed on the basis of publicly available24

TCGA, GSE107943 and NGDC RNA-seq data. Hence, further biological experiments and25

single-cell and/or spatial transcriptome sequencing need to be implemented in vivo and in26

vitro to validate the immunotherapeutic value of combining M0 macrophages, NK cells27

and/or MCs in CCA. The regulation of M0 macrophages, NK cells and MCs might play28

important roles in developing therapeutics for CCA. Second, even if half of the genes29

included in the prognostic model have been reported to influence different cancers,30
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biological experiments should be performed to elucidate the molecular mechanisms of the1

target genes in the pathogenesis and prognosis of CCA.2

3

Conclusions4

In summary, our results identified and verified an accurate and sensitive nine-gene5

signature to predict the OS of bile duct cancer in different populations. In addition, this6

prediction model potentially indicated that M0 macrophage, NK-cell and MC infiltration7

in CCA patients affects the prognostic process. These findings provide a novel prognostic8

signature to account for the OS of CCA patients and may benefit the timely diagnosis and9

individualized treatment of CCA.10

11

Figure legends:12

Figure 1. Workflow presenting the steps of constructing the novel nine-gene prognostic13

model of CCA in the study.14

Figure 2. Identification of specific DEGs in bile duct carcinoma. (a) Topological overlap15

matrix plots for CCA modules. (b) Clustering dendrograms of transcriptomes based on16

topological overlap to distinguish the different modules and every module annotated by an17

arbitrary color. Correlation analysis was implemented to identify the relationship between18

different modules and five covariates. Red indicates that the module was positively19

correlated with the covariate, and green indicates a negative correlation. (c) Venn diagram20

analysis of DEGs in CCAwith the training dataset and validation dataset. DEGs with Pbonf21

< 0.05 and absolute value of log2fold change >1 were considered to be significant. (d) The22

specific DEG-enriched pathways in CCA. The X axis indicates the –log10 Pfdr value.23

Figure 3. Effective prognostic signature for CCA patients. (a, b) LASSO Cox regression24

identified nine genes related to OS. (c) ROC curve analysis of the nine-gene prognostic25

model for predicting OS in the training dataset (d) and validation dataset. (e) OS curves26

comparing the high-risk group and low-risk group defined by the prognostic model in27

CCA in the training dataset (f) and validation dataset. (g) Multivariate Cox analysis of the28

nine genes.29
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Figure 4. Analysis of immune cell infiltration in CCA. (a) The proportion of 221

immune-related cells in CCA was assessed through the CIBERSORTx algorithm in the2

training cohort (n = 66) (b) and validation cohort (n = 255). Significant differences3

between the two groups were evaluated using the Wilcoxon test. Asterisks indicate4

significance, and the Y-axis indicates the percentage of immune cells in CCA (*P < 0.05;5

**P < 0.01; ***P < 0.001). Red triangle: continual increase; Blue triangle: continual6

decrease.7

Figure 5. Specific characteristics of the high-risk and low-risk groups of CCA patients.8

(a-e) Estimated IC50 value differences of chemotherapeutic drugs and novel inhibitors9

between the high-risk and low-risk score groups in the discovery cohort and (f-g)10

validation cohort. (i) GSEA results indicating differential enrichment of genes in KEGG11

terms with high and low risk scores in the training and (k) validation cohorts.12

Figure 6. Schematic diagram of identified epigenetic aberrations between tumor tissues13

and normal tissues in CCA. (a) Box plots indicating differentially expressed profiles14

between tumor tissues and normal counterparts for constituents of the prognostic model in15

the TCGA-CCA cohort (n = 45), (b) GSE107943 cohort (n = 57) and (c) GSE11933616

cohort (n = 30). The Y axis indicates the –log10 P value, and the X axis depicts different17

gene expression profiles in the training and validation datasets. Red represents adjacent18

tissues, and blue represents tumor tissues.19

Figure 7. Expression patterns of the genes included in the prognostic model at the mRNA20

level evaluated via qRT-PCR. Relative expression differences of (a) HELLS, (b) HOXC6,21

(c) MFSD2A, (d) OTX1, (e) ZBTB12, (f) PTGES, (g) SMOC1, (h) TEX30 and (i) PYGB22

between the normal liver cell line (LO2) and four CCA cell lines (Hep-li5, HCCCT1,23

HCCC9810 and RBE) via qRT-PCR experiments (*P < 0.05; **P < 0.01; ***P < 0.001;24

***P < 0.0001).25
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Figures

Figure 1

Work�ow presenting the steps of constructing the novel nine-gene prognostic model of CCA in the study



Figure 2

Identi�cation of speci�c DEGs in bile duct carcinoma. (a) Topological overlap matrix plots for CCA
modules. (b) Clustering dendrograms of transcriptomes based on topological overlap to distinguish the
different modules and every module annotated by an arbitrary color. Correlation analysis was
implemented to identify the relationship between different modules and �ve covariates. Red indicates
that the module was positively correlated with the covariate, and green indicates a negative correlation.
(c) Venn diagram analysis of DEGs in CCA with the training dataset and validation dataset. DEGs with
Pbonf < 0.05 and absolute value of log2fold change >1 were considered to be signi�cant. (d) The speci�c
DEG-enriched pathways in CCA. The X axis indicates the –log10 Pfdr value.



Figure 3

Effective prognostic signature for CCA patients. (a, b) LASSO Cox regression identi�ed nine genes related
to OS. (c) ROC curve analysis of the nine-gene prognostic model for predicting OS in the training dataset
(d) and validation dataset. (e) OS curves comparing the high-risk group and low-risk group de�ned by the
prognostic model in CCA in the training dataset (f) and validation dataset. (g) Multivariate Cox analysis
of the nine genes.



Figure 4

Analysis of immune cell in�ltration in CCA. (a) The proportion of 22 immune-related cells in CCA was
assessed through the CIBERSORTx algorithm in the training cohort (n = 66) (b) and validation cohort (n =
255). Signi�cant differences between the two groups were evaluated using the Wilcoxon test. Asterisks
indicate signi�cance, and the Y-axis indicates the percentage of immune cells in CCA (*P < 0.05; **P <
0.01; ***P < 0.001). Red triangle: continual increase; Blue triangle: continual decrease



Figure 5

Speci�c characteristics of the high-risk and low-risk groups of CCA patients. (a-e) Estimated IC50 value
differences of chemotherapeutic drugs and novel inhibitors between the high-risk and low-risk score
groups in the discovery cohort and (f-g) validation cohort. (i) GSEA results indicating differential
enrichment of genes in KEGG terms with high and low risk scores in the training and (k) validation
cohorts.



Figure 6

Schematic diagram of identi�ed epigenetic aberrations between tumor tissues and normal tissues in
CCA. (a) Box plots indicating differentially expressed pro�les between tumor tissues and normal
counterparts for constituents of the prognostic model in the TCGA-CCA cohort (n = 45), (b) GSE107943
cohort (n = 57) and (c) GSE119336 cohort (n = 30). The Y axis indicates the –log10 P value, and the X
axis depicts different gene expression pro�les in the training and validation datasets. Red represents
adjacent tissues, and blue represents tumor tissues.



Figure 7

Expression patterns of the genes included in the prognostic model at the mRNA level evaluated via qRT-
PCR. Relative expression differences of (a) HELLS, (b) HOXC6, (c) MFSD2A, (d) OTX1, (e) ZBTB12, (f)
PTGES, (g) SMOC1, (h) TEX30 and (i) PYGB between the normal liver cell line (LO2) and four CCA cell
lines (Hep-li5, HCCCT1, HCCC9810 and RBE) via qRT-PCR experiments (*P < 0.05; **P < 0.01; ***P < 0.001;
***P < 0.0001).
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