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Abstract
Background: Intrahepatic cholangiocarcinoma (iCCA) patients have poor outcomes due to the lack of
biomarkers for the selection of treatment options. The present study was conducted to find biomarkers
with independent prognostic vaule in iCCA patients.
Methods: Gene transcriptome profiles of E-MTAB-6389, TCGA-CHOL and GSE26566 were obtained from
ArrayExpress, The Cancer Genome Atlas and the Gene Expression Omnibus databases, respectively.
Bioinformatic analyses were performed to screen novel biomarkers for predicting the prognosis of iCCA
patients. Using multivariate Cox regression analyses, a 3-gene signature (BTD-FER-COL12A1) with
potential prognostic value was identified and validated in both a training cohort and two validation
cohorts.
Results: A total of 177 iCCA patients were included in this study. From the key gene modules significantly
associated with liver cirrhosis and overall survival (OS) of iCCA patients, we identified 89 hub genes for
functional analyses. Cox-regression analyses in both the training and validation cohort indicate that FER,
COL12A1 and BTD were independent risk factors for iCCA patients. A 3-gene signature (BTD-FERCOL12A1) with independent prognostic value in iCCA patients was validated in the training cohort, as
well as in two validation cohorts. In terms of predicting the prognosis of iCCA patients, the receiver
operating characteristics (ROC) curves showed that this 3-gene signature had superior prediction power
to BTD, FER, and COL12A1 alone, as well as known biomarkers (MUC1, MUC13) of iCCA.
Immunohistochemical staining of samples from The Human Protein Atlas showed that FER and
COL12A1 were positively expressed in iCCA tissue, although BTD was not, while none of these genes was
detected in normal tissue. These findings were consistent with the expression status of BTD, FER and
COL12A1 at the transcriptional level. In addition, we found that FER and COL12A1 were significantly
associated with the degree of infiltration by tumor-infiltrating immune cells. Conclusion: We discovered a
three-gene signature with independent prognostic value as a novel biomarker for prediction prognosis of
iCCA patients. Our findings may help to find novel therapeutic targets for precision treatment of iCCA.

Background
Intrahepatic cholangiocarcinoma (iCCA) is the second most common primary liver cancer after
hepatocellular carcinoma and its incidence and mortality rate has increased worldwide [1]. The
introduction of new systemic therapies, including immune-based therapies and biomarker-driven
therapies, has significantly improved the survival of patients with hepatobiliary cancers, particularly in the
advanced stages of disease [2]. However, the prognosis of iCCA patients remains dismal, and surgical
resection with negative resection margins and/or liver transplantation is the only curative treatment
option [3, 4].
High-throughput sequencing techniques have helped to provide abundant knowledge of the genomic and
epigenetic characterization of cholangiocarcinoma (CCA), which has further clarified the pathogenesis of
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CCA. Previous studies focusing on this field have provided valuable information on molecular
classification, oncogenic pathways and potential therapeutic targets for CCA [5-7]. However, CCAs, arising
in the epithelium at every point of the biliary tree, represent a highly heterogeneous group of diseases,
with significant intra- and inter-tumor differences in iCCA, perihilar CCA and distal CCA [3]. The
mechanisms associated with the carcinogenesis and progression of CCA require further elucidation
based on its anatomic classification.
Currently, there are lack of effective biomarkers with high-performance for predicting the diagnosis and
prognosis of iCCA patients, as well as for assessing the treatment response [2]. Exploring novel
biomarkers involved in the carcinogenesis and progression of iCCA may be beneficial in finding potential
therapeutic targets for this life-threatening disease. To discover novel potential biomarkers for predicting
the prognosis of iCCA patients, we downloaded the transcriptional profiles of a total of 177 iCCA patients
from the E-MTAB-6389, TCGA-CHOL and GSE26566 datasets by searching ArrayExpress, The Cancer
Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases, respectively. Weighted gene coexpression network analysis (WGCNA) was conducted to identify key gene modules associated with
clinical traits of iCCA patients. After further functional analyses, we identified a three-gene signature
(BTD-FER-COL12A1) and validated its independent prognostic value in both the training cohort and two
validation cohorts. In addition, using the resources of The Human Protein Atlas, TIMER and MEXPRESS,
we validated the expression status of these hub genes at the translational level, and explored the
correlation between the expression of these hub genes and the gene methylation status. We also
assessed the association of the expression level of the hub genes with the degree of infiltration by tumorinfiltrating immune cells.

Methods
Data sources
Gene expression profiles of CCA were obtained from TCGA (TCGA-CHOL; platform: RNA-sequencing),
ArrayExpress (E-MTAB-6389; platform: Affymetrix Gene Chip HTA-2_0-EXON level-HTA-2_0.r1) and the
GEO (GSE26566; platform: Illumina humanRef-8 v2.0 expression bead chip) databases. The R package
“TCGAbiolinks” [8] and “oligo” [9] were used to download and process the raw data of TCGA-CHOL and EMTAB-6389 datasets, respectively. TCGA-CHOL dataset included a total of 32 iCCA samples, E_MTAB6389 included 78 iCCA samples, and GSE26566 included 68 iCCA samples.
Identification of stable differentially expressed genes
After the expression matrix of TCGA-CHOL, E-MTAB-6389 and GSE26566 datasets were downloaded from
TCGA, ArrayExpress and GEO databases, respectively, the R package “limma” was used to screen
differentially expressed genes (DEGs) [10]. Venn diagrams were constructed to identify the intersecting
DEGs across these three datasets. The identified genes with adjusted P values < 0.05 were defined as
significant DEGs.
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Weighted gene co-expression network analysis (WGCNA)
The intersecting DEGs in the expression matrix of E-MTAB-6389 were extracted. The R package “WGCNA”
[11] was used for calculation of the appropriate soft-threshold (power) for co-expression network
construction to identify key gene modules and hub genes in each key module. After transforming the
adjacency matrix into a topological overlap matrix (TOM), the hierarchical clustering function was utilized
to divide genes with similar expression profiles into different gene modules according to the TOM
dissimilarity with a minimum size of 30 for the cluster dendrogram. For hub genes from the module that
were significantly associated with clinical features of iCCA patients, we performed Gene Ontology (GO)
enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analyses to annotate their
biological function using the R package “clusterprofiler” [12]. In our study, we defined hub genes as those
with membership (MM) > 0.8 and gene significance (GS) > 0.3 [13].
Gene set enrichment analysis (GSEA) and construction of the protein-protein interaction network
To find the significant enrichment gene set in iCCA, we used the software “GSEA4.0.2” [14] to analyze the
expression matrix of the E-MTAB-6389 dataset. In GSEA, we selected “h.all.v7.0.symbol.gmt gene sets” as
the gene set database and “HTA-2_0” as the chip platform. The STRING database (version 11.0) and
Cytoscape software (version3.7.2) [15] were used to construct the protein-protein interaction network with
a minimum interaction score of 0.9.
Survival analysis and risk score model construction
Survival analysis was performed for hub genes using the R package “survival” (https://cran.rproject.org/web/packages/survival/index.html) and “survminer” (https://cran.rproject.org/web/packages/survminer/index.html). The R package “pROC” [16] was used to plot receiver
operating characteristic (ROC) curves and calculate the area under the ROC curve (AUC), which was used
to evaluate the prognostic capability of hub genes. Kaplan–Meier survival curves were generated to
assess the overall survival (OS) status of iCCA patients. In risk score model construction, we first used
univariate Cox regression analysis to identify hub genes that significantly (P < 0.01) affect the prognosis
of iCCA patients. Multivariate Cox regression analysis was then performed to determine the independent
prognostic factors among those hub genes and other variables such as age, sex and cirrhosis of the liver.
Next, the regression coefficients and expression values of the hub genes found to significantly affect the
prognosis of iCCA were used to construct the risk score model, according to the formula ∑coef(genei)*
exp(gene i). After iCCA patients were divided into high-risk and low-risk groups based on the optimal cutoff value for the risk score, we finally investigated the prognostic value of the risk score model in both the
training cohort and two validation cohorts.
Methylation and gene expression analyses
We used the online platform MEXPRESS (http://mexpress.be) [17] to investigate the association of the
abnormally expressed hub genes with the methylation status of their promoter region.
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Analysis of the correlation between the expression of hub genes and tumor-infiltrating immune cells
To analyze the association between the expression of hub genes and tumor-associated infiltrating
immune cells (CD4+ T cells, CD8+ T cells, macrophages, dendritic cells, and B cells), we utilized the
website tool TIMER (https://cistrome.shinyapps.io/timer/) [18] to explore the association of hub gene
expression with the degree of infiltration by tumor-infiltrating immune cells, as well as with tumor
proportion.
Validation the expression status of hub genes in protein level
The Human Protein Atlas (https://www.proteinatlas.org/) [19] of gene-encoded protein levels in tissues
was used to validate the expression status of our identified hub genes.

Results
Identification of robust and stable DEGs
After screening and checking the detailed sample information and the matrix design of these three
downloaded datasets, we included a total of 177 iCCA patients (32 from TCGA-CHOL, 77 from E-MTAB6389, and 68 from GSE26566) with gene expression data in our study. Figure 1 shows the detailed
workflow for identification, validation, and functional analyses of the intersecting DEGs. As shown in
Figure 2A and C, we used R package “TCGA-biolinks” to process the raw matrix data of TCGA-CHOL for
background correction and normalization. Similarly, we used the R package “oligo” to process the raw
matrix data of E-MTAB-6389. As shown in Figure 2B and D, we identified one sample (JFE-058G-HTA) as
an outlier in the process of sample by sample correlation after normalization; this outlier was excluded
from E-MTAB-6398 in the subsequent analyses. A total of 2,696 intersecting, stable DEGs were identified
between the iCCA samples and matched normal tissue samples (Figure 2E). As shown in Figure 2F, 1,470
DEGs were upregulated and 1,226 were downregulated in iCCA patients.
WGCNA and identification of hub genes
After extraction of the intersecting DEGs with expression values from the E-MTAB-6389 dataset, we
conducted WGCNA to identify key genes modules significantly associated with clinical traits of iCCA
patients. As shown in Figure 3A–B, in the analysis of network topology for selection of the optimal softthreshold (power), a soft-threshold value of 3 (the lowest power for scale-free topology that fits an index
of 0.9) was identified to construct a hierarchical clustering dendrogram. As shown in Figure 3C, no
outliers sample was found in the sample clustering analysis. By setting the dendrogram height cut-off
value to 0.25 for module merging, eight modules were generated (Figure 3D–E). From the heatmap of
module-trait relationships (Figure 3F), we found that the black module was significantly correlated with
alcohol drinking (correlation coefficient = 0.37, P = 9e-04) and cirrhosis of the liver (correlation coefficient
= 0.32, P = 0.004). The brown (correlation coefficient = 0.25, P = 0.03) and pink (correlation coefficient =
-0.28, P = 0.01) modules were significantly correlated with the OS of iCCA patients. Supplementary Figure
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1A, which depicts the distribution of average GS and errors across modules associated with the Gleason
score of iCCA, shows that the black module had the highest average GS among these modules. As shown
in Supplementary Figure 1B–D, there were 1,307 DEGs in the black module, 232 DEGs in the brown
module, and 192 DEGs in the pink module. The turquoise module contained genes that could not be
placed in any module; these data were excluded from the subsequent analyses. According to the MM and
GS values of each gene, we identified a total of 85 hub genes from the black and pink modules for further
functional analyses.
GSEA and construction of the protein-protein interaction network
To find significant enrichment gene sets/functional pathways involved in the pathogenesis of iCCA, we
conducted GSEA on the E-MTAB-6389 dataset. As shown in Figure 3G, the “hallmark-mitotic-spindle”
functional pathway (NES = 1.55, NOM p-val = 0.002) was significantly upregulated in iCCA compared
with normal tissue; the corresponding heatmap of this functional pathway is shown in Figure 3H. By
using the STRING database (version 11.0) and Cytoscape software, we constructed protein-protein
interaction network for the selected hub genes (Figure 4A).
Functional enrichment analysis
The GO enrichment analysis of cellar components showed that the top five components were collagencontaining extracellular matrix (ECM), collagen trimer, microbody lumen, microbody part and peroxisomal
matrix (Supplementary Figure 2A). In terms of biological process associated with those hub genes, alphaamino acid metabolic process was the most significantly enriched functional process (Supplementary
Figure 2B). In the KEGG pathway analysis, these genes were predominantly associated with glycine,
serine and threonine metabolism, retinol metabolism, cysteine and methionine metabolism, beta-alanine
metabolism and primary bile acid biosynthesis (Supplementary Figure 2C). Based on the results of PPI
and functional analyses, as well as a literature review, we finally selected FTCD, BTD, FER, FETUB, F13B,
COL12A1, COL1A2, COL1A1and COL5A2 for survival analyses. We constructed a heatmap visualizing the
expression status of these nine hub genes in 31 normal tissue and 77 iCCA tissue samples from the EMTAB-6389 dataset. We also visualized the clinical traits (alcohol drinking, OS, cirrhosis of the liver and
sample types) in these 108 samples. As shown in Figure 4B, BTD, FTCD, FETUB and F13B were
downregulated in iCCA samples, while FER, COL1A1, COL1A2, COL12A1, COL5A2 were upregulated.
Establishment of a three-gene signature for predicting the prognosis of iCCA in the training cohort
The characteristics of iCCA patients from the TCGA-CHOL and E-MTAB-6389 datasets are summarized in
Table 1. We randomly divided the E-MTAB-6389 dataset into the training cohort (n = 38) and validation
cohort 1 (n = 39). Univariate Cox proportional hazard regression analysis was performed to identify the
hub genes significantly associated with the OS of iCCA patients from the training cohort. As a result, a
total of six hub genes (SULF1, LAMA4, COL12A1, FER, BTD and CTH) were found to be significantly
associated with the OS of iCCA patients (P < 0.05). Subsequently, multivariate Cox regression was
performed for these six hub genes as well as the clinical characteristics of iCCA patients. As shown in
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Supplementary Figure 3A–C, BTD, FER and COL12A1, as well as the cirrhosis of liver were identified as
independent prognostic factors for iCCA patients. As shown in Figure 5A–C, BTD was identified as a
favorable prognostic factor for iCCA patients, while COL12A1 and FER were unfavorable prognostic
factors. Based on the results of the multivariate Cox regression analysis, we constructed a risk model for
predicting the OS of iCCA patients. The risk score (RS) formula = BTD´1.927 + COL12A1´(-2.429) + FER
´(-1.313). As shown in Supplementary Figure 3D, the RS was identified as an independent prognostic
factor for iCCA patients. In addition, as shown in Figure 5D, iCCA patients with high RS had an
unfavorable outcome compared with that of patients with low RS (P = 0.00047).
Validation of the independent prognostic value of the three-gene signature in iCCA patients from two
validation cohorts
The prognostic capability of this three-gene signature (RS model) was validated in both the internal
(validation cohort 1 from E-MTAB-6389) and external (validation cohort 2 from TCGA-CHOL) validation
cohorts. Based on the expression value of BTD, COL12A1 and FER, the RS was calculated according to
the formula described previously. In validation cohort 1, we found that iCCA patients with high RS had a
poor outcome (P = 0.006) compared with that of patients with low RS (Figure 6A). As shown in Figure 6B,
we also found that iCCA patients with high RS in validation cohort 2 had an unfavorable outcome
compared with that of patients with low RS (P = 0.019). In addition, the results of multivariate Cox
regression applied in both validation cohort 1 (Figure 6C; P = 0.038) and validation cohort 2 (Figure 6D; P
= 0.015) indicated that this three-gene signature (RS model) was an independent risk factor for OS of
iCCA patients.
Evaluation of the predictive capability of the three-gene signature using ROC analysis
We constructed ROC curves to assess the performance of the three-gene signature in predicting survival
of iCCA patients in validation cohort 1. As shown in Figure 6E, the AUC of the three-gene signature was
70.8% (53.7%–80.9%), indicating that the three-gene signature had higher prognostic accuracy compared
with that of FER (60.2% [41.2%–79.3%]), BTD (64.6% [44.7%–84.5%]), and COL12A1 (60.2% [40.5%–
80.0%]) alone. Furthermore, as shown in Figure 6F, compared with the AUC values for biomarkers such as
MUC1 (48.1% [28.5%–67.7%]) and MUC13 (68.0% [50.75–85.5%]), which have been identified as risk
prognostic factors of iCCA patients [20, 21], this three-gene signature (70.8% [53.7%–80.9%]) had higher
prognostic accuracy.
Validation of the expression status of the hub genes at the translational level
As shown in Supplementary Figure 4A–F, the immunohistochemical (IHC) staining analysis of iCCA and
normal tissue samples obtained from The Human Protein Atlas database (https://www.proteinatlas.org/)
showed that FER and COL12A1 were positively detected in iCCA tissue, whereas BTD was not. None of
these three hub genes were detected in the bile duct cells in normal liver tissue. The expression status of
these three hub genes at the protein level was consistent with that at the transcriptional level. These
results demonstrate the validity of the hub genes identified in this study.
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The relationship between the expression level of the hub genes and their methylation status
To clarify the potential mechanism of these three hub genes that were found to be abnormally expressed
in iCCA tissue (FER and COL12A1 were upregulated, while BTD was downregulated in iCCA), we screened
the MEXPRESS (http://mexpress.be) database to investigate the association of the expression level of
these three hub genes with the methylation status of the corresponding promoter region. As shown in
Supplementary Figures 5–7, the DNA sequences of FER, BTD and COL12A1 contained numerous
methylation sites, which were negatively correlated with their expression level.
The association of the expression level of the hub gene with the degree of infiltration by tumor-infiltrating
immune cells and tumor purity
We used TIMER (https://cistrome.shinyapps.io/timer/) to explore the potential associations of the
expression level of these three hub genes with tumor purity, as well as the degree of infiltration by tumorinfiltrating immune cells (B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils and dendritic
cells). Unfortunately, no significant associations were found between these three hub genes and tumor
purity (Supplementary Figures 8A–C). Conversely, moderate or strong positive correlations were found
between FER and the degree of infiltration by CD4+ T cells, macrophages, and neutrophils
(Supplementary Figures 8A). Weak or moderate associations were found between COL12A1 and the
degree of infiltration by B cells, macrophages, neutrophils and dendritic cells (Supplementary Figures 8B).
However, no significant associations were observed between the infiltration of tumor-infiltrating immune
cells and BTD expression level (Supplementary Figures 8C). These results indicated that BTD and FER
regulate the degree of infiltration by tumor-infiltrating immune cells in iCCA.

Discussion
New systemic therapies, including immune-based therapies and biomarker-driven therapies, have been
applied to treat iCCA [4]; however, the prognosis of this intractable disease remains dismal. Identification
of novel biomarkers for iCCA is necessary for the discovery of potential therapeutic targets and
elucidation of the molecular mechanisms of tumorigenesis in iCCA. In our present study, we found a total
of 2,696 abnormally expressed DEGs through bioinformatic analyses of iCCA and normal tissues. Of
these, 1,470 DEGs were upregulated and 1,226 DEGs were downregulated in iCCA tissue, indicating the
existence of complex molecular mechanisms in the pathogenesis of iCCA.
Previous studies using high-throughput sequencing of both iCCA and other biliary tract cancer have
provided valuable information on molecular classification, molecular alteration and oncogenic pathways
associated with iCCA [5-7, 22]. Nevertheless, powerful biomarkers for predicting prognosis and treatment
response for iCCA patients are still lacking. In the present study, we performed WGCNA to identify key
gene modules significantly associated with the clinical traits of iCCA patients. We then identified a total
of 85 hub genes from the black and pink gene models based on the GS and MM values. The GO
enrichment analysis of cellular components showed that these hub genes were mainly involved in
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collagen-containing ECM, and the abnormalities in ECM can result in desmoplastic stroma which is
marked characteristic of iCCA [23].
Univariate Cox regression analyses showed that SULF1, LAMA4, COL12A1, FER, BTD, CTH and cirrhosis
of the liver were significantly associated with the OS of iCCA patients. In contrast, in the multivariate Cox
regression analysis, BTD, FER and COL12A1, as well as cirrhosis of liver, were identified as independent
prognostic factors in iCCA patients. Given that BTD was found to be a favorable prognostic factor in iCCA
patients, whereas COL12A1 and FER were unfavorable prognostic factors, a three-gene signature (BTDFER-COL12A1) was established to predict the survival of iCCA patients. We further validated the
independent prognostic value of this three-gene signature in two validation cohorts (Figure 6C–D). In
addition, we found that the prognostic accuracy of this three-gene signature was superior to that of BTD,
COL12A1 and FER alone (Figure 6E). In comparison with other known prognostic biomarkers such as
MUC1 [20] and MCU13 [21], we found that this three-gene signature provides distinctly higher accuracy in
terms of prognosis prediction for iCCA patients. These results indicate that the application of multiple
biomarkers is a power tool for predicting the prognosis of iCCA patients.
Searches of The Human Protein Atlas to validate the expression status of FER, COL12A1 and BTD at the
translational level showed that FER and COL12A1 were positively expressed in iCCA tissue, whereas BTD
was not. While none of these three hub genes were detected in bile duct cells of normal liver tissue, the
transcriptional expression status of these genes was consistent with that at the translational level. Thus,
these findings indicate that these three abnormally expressed hub genes in iCCA are reliable biomarkers
involved in the pathogenesis and tumorigenesis of iCCA. In addition, using MEXPRESS, we found that
many methylated sites in the promoter regions of the hub genes correlated negatively with expression
levels. This finding indicates that regulation of the expression of these hub genes by demethylation
intervention as a therapeutic strategy for iCCA patients.
BTD encodes the biotinidase protein, which recycles protein-bound biotin by cleaving biotin (biotinepsilon-lysine) that is a normal product of carboxylase degradation, resulting in regeneration of free
biotin [24]. BTD-deficiency is associated with various diseases [25]. In our current study, we found that
BTD was downregulated in iCCA, and was positively associated with the OS of iCCA patients. FER, a
cancer-related gene, encodes FER tyrosine kinase, which is a member of the FPS/FES family of nontransmembrane receptor tyrosine kinases. FER regulates cell-cell adhesion, promotes cell migration, and
mediates signaling from the cell surface to the cytoskeleton via growth factor receptors [26]. A recent
study also showed that targeting FER kinase can inhibit melanoma growth and metastasis [27]. In our
present study, we discovered that FER was upregulated at both transcriptional and translational levels. In
addition, we found significant correlations between the expression of FER and the degree of infiltration by
CD4+ T cells, macrophages, and neutrophils (Supplementary Figure 8A), thus implicating FER as a new
therapeutic target for iCCA treatment.
COL12A1 (collagen type XII alpha 1 chain), also known as COL12A1L, encodes the alpha chain of type XII
collagen that is a member of the FACIT (fibril-associated collagens with interrupted triple helices)
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collagen family. Abnormal COL12A1 expression can cause myopathy and is correlated with poor survival
in gastric cancer patients [28, 29]. Similar to the expression status of FER in iCCA, we found that
COL12A1 was upregulated in iCCA tissue compared with normal tissue. Further studies are required to
clarify the exact mechanism of the increased expression of COL12A1 and FER in iCCA.
Some limitations of our present study should be noted. First, the small sample size in both the training
cohort and the two validation cohorts may influence the stability of our results. Second, some clinical
characteristics, such as the surgical resection margin status and lymph node status, were not included in
our multivariate analysis model since the original data were unavailable. Finally, all our work is based on
bioinformatic analyses and data mining from online databases, and further experimental studies are
required to further confirm our findings.

Conclusion
We identified a three-gene signature that can be considered as a novel independent prognostic biomarker
in terms of predicting the OS of iCCA patients. This information may aid in the discovery of novel
therapeutic targets for precision treatment of iCCA patients.
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Supplementary Figure Legends
Supplementary Figure 1. Bar plot of the average gene significance and errors in the modules associated
with Gleason score of iCCA (A). Scatter plot of module eigengenes in the brown module (B). Scatter plot
of module eigengenes in the black module (C). Scatter plot of module eigengenes in the pink module (D).
Supplementary Figure 2. Gene ontology (GO) enrichment showing the top five cellular components of hub
genes (A). GO enrichment showing the top five biological processes of hub genes (B). Dot plot showing
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Table 1. Clinical Characteristics of iCCA patients included in our study
The training cohort (n=38)
Gender (Male/Female)

19/19

Vascular invasion (Yes/No)

20/18

Alcohol drinking (Yes/No)

4/29

Cirrhosis of liver (Yes/No)

7/30

Necrosis.detected (Yes/No)

15/22

The validation cohort 1 (n=39)
Gender (Male/Female)

18/21

Vascular invasion (Yes/No)

30/9

Alcohol drinking (Yes/No)

5/30

Cirrhosis of liver

5/32

Necrosis.detected (Yes/No)

14/24

The validation cohort 2 (n=32)
Mean age at diagnosis (yrs)

63.2(29.2-82.3)

Gender (Male/Female)

18/14

N0/N1/N X

25/4/3

M0/M1/MX

27/3/2

Tumor stage (i/ii/iii/iv)

18/8/1/5

the top five pathways in Kyoto
Encyclopedia of Genes and Genomes
(KEGG) analysis (C).
Supplementary Figure 3. Forest plot
showing the multivariate analysis
results from the training cohort.
Forest plot showing that BTD and the
cirrhosis of liver were independent
prognostic factors for iCCA (A). Forest
plot showing that FER and the
cirrhosis of liver were independent
prognostic factors for iCCA (B). Forest
plot showing that COL12A1 and
cirrhosis of liver were independent
prognostic factors for iCCA (C). Forest
plot showing that the three-gene
signature was an independent
prognostic factor for iCCA (D).

Supplementary Figure 4. Validation of the expression of FER, BTD and COL12A1 at the translational level
using the resources of The Human Protein Atlas. FER was positively expressed in iCCA (A), but not in
normal bile duct cells (B). BTD was not detected iCCA samples (C) or normal bile duct cells (D). COL12A1
was positively expressed in iCCA (E), but not in normal bile duct cells (F).
Supplementary Figure 5. The correlation between FER expression and methylation status of its DNA
sequences.
Supplementary Figure 6. The correlation between BTD expression and methylation status of its DNA
sequences.
Supplementary Figure 7. The correlation between COL12A1 expression and methylation status of its DNA
sequences.
Supplementary Figure 8. The correlation between the FER expression level and the level of tumorinfiltrating immune cells (A). The correlation between the BTD expression level and the level of tumorinfiltrating immune cells (B). The correlation between the COL12A1 expression level and the level of
tumor-infiltrating immune cells (C).
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Figure 1
. Diagram showing the detailed workflow for identification, validation, and functional analyses of the
intersecting differentially expressed genes. Notes: TCGA, The Cancer Genome Atlas; GEO, Gene
Expression Omnibus; WGCNA, weighted gene co-expression network analysis; GSEA, gene set enrichment
analysis; GO, Gene Ontology; KEGG, Kyoto Encyclopedia of Genes and Genomes.
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Figure 2
Heatmap showing the Array-Array intensity after using the “RMA” method for background correction in
TCGA-CHOL dataset (A). Boxplot of sample by sample correlation after normalization in the E-MTAB6389 dataset (B). Boxplot of sample by sample correlation after normalization in TCGA-CHOL dataset
(C). Boxplot of sample by sample correlation after normalization after excluding one outlier from the
entire dataset of the E-MTAB-6389 dataset (D). Venn diagram showing the intersecting differentially
expressed genes across the GSE26566, TCGA-CHOL, and E_MTAB_6398 datasets (E). Volcano plot
showing the downregulated and upregulated differentially expressed genes in iCCA (F).
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Figure 3
Analysis of the scale-free fit index (A) and the mean connectivity for various soft-thresholding powers (B).
Clustering of samples for detecting outliers in the E-MTAB-6389 dataset (C). Cluster dendrogram of the
intersecting differentially expressed genes in the E-MTAB-6389 dataset. Each branch in the plot
represents one gene, and every color below represents one co-expression module (D). Network heatmap
showing the interaction relationship of co-expressed genes in the E-MTAB-6389 dataset. Different colors
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in the vertical and horizontal axes represent different modules. The intensity of the yellow color in the
middle represents the degree of connectivity of different modules. No significant difference was found
among different modules, which indicates a high-scale independence degree among these modules (E).
Heatmap showing relationships between module eigengenes and the clinical traits of iCCA patients (F).
Enrichment plot showing the functional pathway of “hallmark_mitotic_spindle” significantly upregulated
in iCCA (G). Heatmap of genes from the functional pathway of “hallmark_mitotic_spindle”, showing that
these genes were significantly upregulated in iCCA compared with normal tissue (H).

Figure 4
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Protein-protein interaction network of the identified hub genes. Node size represents the connectivity of
the gene by degree and edge size represents the betweeness centrality of genes. Nodes in green represent
downregulated genes, and nodes in red represent upregulated genes (A). Heatmap visualizing the overall
expression of BTD, FTCD, FETUB, F13B, FER, COL1A1, COL1A2, COL12A1 and COL5A2 in iCCA and
normal tissues, as well as the distribution of the clinical characteristics of the sample sources (B).

Figure 5
The Kaplan–Meier curves for overall survival of iCCA patients in the training cohort. BTD was
significantly associated with favorable overall survival of iCCA patients (A), while COL12A1 (B), FER (C),
and risk score (D) were significantly associated with the poor survival of iCCA patients.
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Figure 6
The Kaplan–Meier curves for overall survival of high- and low-risk groups of patients in (internal)
validation cohort 1 (A) and validation cohort 2 (B). Forest plot showing the multivariate analysis results
from the validation cohort 1 (C) and validation cohort 2 (D). Receiver operating characteristic (ROC)
curves showing that the performance of this three-gene signature in predicting the prognosis of iCCA
patients in validation cohort 1 was superior to that of FER, BDT, and COL12A1 alone (E). ROC curves
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showing that the performance of this three-gene signature was superior to that of known biomarkers,
such as MUC1 and MUC13 (F).
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