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ARTICLE INFO ABSTRACT

Keywords: Objective: Cholangiocarcinoma (CHOL) is a malignant disease that affects the digestive tract, and
ChOlaﬂgioﬁarCinoma it is characterized by a poor prognosis. This research sought to explore the involvement of
Cuproptosis cuproptosis-related IncRNAs (CRLs) in the prognostic prediction and immune infiltration of

Bioinformatics
Risk signature
IncRNAs

cholangiocarcinoma.

Methods: The expression profiles and clinical data of CHOL patients were acquired from The
Cancer Genome Atlas (TCGA) and Gene Expression Omnibus (GEO) databases, and CRLs were
defined via co-expression analysis. Two molecular clusters distinguished by cuproptosis-related
genes (CRGs) were produced. Then a risk signature consisted by four CRLs was formed, and all
samples were separated into low- and high-risk groups using a risk score. Kaplan-Meier survival
analysis, principal component analysis, differentially expressed analysis, immune cell infiltration
analysis, and sensitivities analysis of chemotherapy drugs were conducted between the two
groups. Simultaneously, the expression values of four IncRNAs confirmed by real-time PCR in our
own 20 CHOL samples were brought into the risk model.

Results: The CHOL samples could be differentiated into two molecular clusters, which displayed
contrasting survival times. Additionally, patients with higher risk scores had significantly worse
prognosis compared to those in the low-risk group. Furthermore, both immune infiltration and
enrichment analysis revealed significant discrepancies in the tumor immune microenvironment
(TIME) between different risk groups. Moreover, the predictive power and the correlation with
CA19-9 and CEA of risk signature were validated in our own samples.

Conclusion: We developed a risk signature which could serve as an independent prognostic factor
and offer a promising prediction for not only prognosis but also TIME in CHOL patients.
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2. Introduction

Cholangiocarcinoma (CHOL) is an extremely malignant disease that occurring from bile duct, which includes intrahepatic distal,
perihilar, and intrahepatic cholangiocarcinoma (dCCA, pCCA and iCCA) [1]. The reported incidence rate of CHOL worldwide has
steadily increased recently [2]. Although surgery is an effective treatment, many patients metastasize when diagnosed [3]. Conse-
quently, the prognosis for CHOL is dismal, with advanced patients having an approximately 5 % 5-year survival rate [4]. However,
even in patients with the same clinical stage and grade, the prognosis is distinctly different. Therefore, to improve the treatment effect,
there is an urgent need to distinguish effective tumor characteristics in clinical settings and facilitate the customization of personalized
regimens.

In recent years, gene sequencing technology has attracted increasingly more attention in cancer research, and bringing great in-
terest in constructing a gene signature to stratify cancer patients [5-7]. Cuproptosis is a copper-dependent cell death mechanism and
represents a newly discovered form of regulated cell death (RCD) [8]. As reported, cuproptosis is initiated by the direct binding of
copper with the lipoylated components of the tricarboxylic acid (TCA) cycle [9,10]. At present, whether cuproptosis participates in the
progress of cancer is still unclear [11]. Thus, exploring the prospective clinical value of cuproptosis in CHOL is highly significant.

Long non-coding RNAs (IncRNAs), which consist of more than 200 base pairs (bp), are unable to encode proteins. With continuous
investigation and development of tumor molecular biology, IncRNAs have been identified as biomarkers or oncogenes in multiple
human cancers [12,13]. Numerous studies have consistently explored the involvement of IncRNAs in tumor occurrence, progression,
metastasis, and drug resistance [14-16]. Zhu et al. proved that IncRNA TTN-AS1 promotes the tumor progression in CHOL [17].
Moreover, Zhang et al. comprehensively investigated that IncRNA-CCAT1 accelerates invasion and migration in iCCA [18]. However,
the comprehensive analysis of CHOL related IncRNAs is still insufficient.

In this research, we downloaded data of CHOL patients from public datasets, which included expression and clinical information.
Next, we conducted co-expression analysis with 19 CRGs to identify CRLs. Afterward, by utilizing univariate Cox analysis, LASSO
regression analysis and multivariate Cox regression analysis, four IncRNAs (C100rf55, NOP14-AS1, PAXIP1-AS1 and WAC-AS1) were
left to construct the risk model. Upon validation, the risk model demonstrated great accuracy as an independent predictor. Addi-
tionally, the immune cell infiltration analysis revealed substantial disparities in TIME between different risk groups. Furthermore, to
test the steadiness and accuracy of this risk signature, we verified it in CHOL samples from our own cohort. In conclusion, this CRL
signature provided an accurate prediction model for risk stratification in CHOL patients, which may be helpful to customize the
personalized regimens to improve the treatment effect in clinical.

3. Material and METHODS
3.1. Source and preprocessing of expression data

Transcriptome data and ancillary clinical information were downloaded from two databases: the TCGA-CHOL data set (https://
www.tcga.org) and the GSE107943 data set (https://www.ncbi.nlm.nih.gov/geo). The clinical data for these two datasets included
expression profiles, gender, stage, and overall survival. The expression profiles from these two datasets were merged and batch effect
was eliminated. The values of gene expression were transferred to Transcripts Per Kilobase of exon model per Million mapped reads
(TPM), and the log2 function was used. When single gene had multiple probes, the average value was calculated. Finally, 65 samples of
CHOL were acquired for further analysis.

3.2. Consensus unsupervised clustering

In the analysis, we employed the ‘ConsensusClusterPlus’ R package along with the K-Means algorithm for conducting unsupervised
cluster analysis. The selection of k value, was determined using the proportion of ambiguous clustering. Subsequently, ‘limma’ package
was utilized to determine the differentially expressed genes (DEGs). Criteria used to identify DEGs were based on a |log2FoldChange|>
1 and p < 0.05. This allowed us to narrow down the genes that exhibited significant changes in expression levels between the different
clusters.

3.3. Identification of the CRLs

To obtain the candidate CRLs, we obtained CRGs from previous literature (shown in Supplementary Table S1). From this list, we
extracted the expression data for these genes. Next, we defined the CRLs via Pearson’s correlation coefficient. We applied a criterion of
|Pearson R| > 0.35 and a p-value <0.001, as recommended by Ref[19]. Using this criterion, we identified a total of 214 CRLs which
exhibited co-expression with CRGs. These IncRNAs were further studied in this work.

3.4. Construction and validation of the risk model

The CHOL samples were equally separated into two sets: training and validation sets. To determine the IncRNAs correlated to
prognosis, we employed the univariate Cox regression analysis in training set (p < 0.05). Then, we employed a Least Absolute
Shrinkage and Selection Operator (LASSO) regression analysis, followed by multivariate Cox regression analysis to construct and
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optimize the risk model. Consequently, the formula followed:
risk score = Z [Exp (IncRNA) X coef (IncRNA)]

The risk scores of all samples in training and validation sets were calculated according to the aforementioned formula. Then, the
samples were classified into two groups, high- and low-risk groups, based on the median risk score. Subsequently, Kaplan-Meier (KM)
survival analysis was performed between the two groups via ’survival’ and ’KMsurv’ packages, while receiver operating characteristic
(ROC) curves were generated using the ’survivalROC’ package. To validate the reliability and accuracy of the risk signature, an in-
ternal validation set and the entire cohort were utilized.

3.5. Differential expression analysis

The identification of DEG were confirmed using the 'limma’ package. The filtering criteria were set to [log2FoldChange| > 1 and an
adjusted p-value <0.05. Then we performed Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
analysis to investigate the pathways and biological functions enriched in DEGs. These analyses were conducted by ’clusterprofiler’
package. In addition, the *GSEAbase’ package was employed to run single-sample gene set enrichment analysis (ssGSEA) [20]. A
significance level of FDR <0.05 was thought statistically significant. The "org.Hs.e.g.db’ R packages was also utilized in this process
[21].

3.6. Principal component analysis

Principal component analysis (PCA) was conducted to reduce dimensionality and extract features from the two groups. ‘scatter-
plot3d’ was utilized during this process [22].

3.7. Establishment of nomogram and calibration curves

A nomogram was established through integrating relevant clinical features with risk score. This nomogram aimed to establish a
practical and quantitative approach for prognostic prediction in CHOL patients. Subsequently, calibration curves were used to confirm
the reliability and stability of the established nomogram.

3.8. Analysis of immune cell infiltration in tumor

To compare the disparities in the TIME in two groups, proportions and enrichment scores of immune and stroma cells within TIME
in CHOL samples were calculated. The "ESTIMATE" package (https://bioinformatics.mdanderson.org/estimate) was performed
initially to calculate the tumor purity and infiltrating cells. This assessment revealed differences in the TIME between the two groups
[23]. Next, we utilized CIBERSORT (https://cibersort.stanford.edu) to calculate the levels of infiltrating immune cells in every sample
[24]. Moreover, expression values of key immune checkpoint molecules (ICMs) were evaluated between different risk groups.

3.9. Prediction of chemotherapeutic drugs sensitivity

To test the sensitivity of chemotherapeutics drugs applied in CHOL treatment, Wilcoxon signed-rank test was employed in the two
groups. The ‘pRRophetic’ (http://www.cancerrxgene.org) was utilized in this analysis [25]. P < 0.001 was considered a statistical
significance.

3.10. Quantitative real-time PCR

TRIzol (Takara Bio, Dalian, China) was used to isolate RNA from tumor samples. RNA was then transcribed to cDNA through the
Prime Script RT Master Mix reagent (Takara Bio, Dalian, China). FastStart Universal SYBR Green Master (Roche, Basel, Switzerland)
was utilized for Quantitative real-time PCR (qQRT-PCR) and a 7500 Real-time PCR system was employed. The recommended thermal
cycling settings were as follows: one initial cycle at 95 °C for 10 min, after that, 40 cycles of 15 sat 95 °C and 60 s at 60 °C followed. The
expression level of each IncRNA was calculated by the 2-24°* method which was described in previous study. The internal reference
gene used was GAPDH [26]. The primer sequences we used in qRT-PCR were shown in the Supplementary Table S2.

3.11. Human cholangiocarcinoma samples

The primary cholangiocarcinoma tumor tissues were obtained from the cholangiocarcinoma patients treated at Department of
Biliary-Pancreatic Surgery, Ren Ji Hospital, Shanghai Jiao Tong University School of Medicine from January 2018 to June 2020.

The pathological information of the samples was confirmed by the pathologist, and the overall survival time was calculated from
the date of surgery to cholangiocarcinoma-related death. This study adhered to the Declaration of Helsinki guidelines, obtained
approval from the Medical Ethics Committee of Ren Ji Hospital, and secured informed consent from the patients.
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3.12. Statistical analysis
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R software (version 4.0.2) was utilized for statistical analysis in this study (R; https://www.r-project.org). A two-sample inde-
pendent t-test was adopted to compare continuous variables. To determine differences between the two groups, Student’s t-test was
employed. Kaplan-Meier curve and Log-rank test were employed in comparing the differences in survival time between the high-risk

and low-risk groups. A significance level of p < 0.05 was considered statistically significant.

4. Results

4.1. Data collection and identification of cuproptosis-related clusters in cholangiocarcinoma

The flow chart detailing the methodology of this study was presented in Fig. 1. The expression data of CHOL samples were acquired

CHOL cohort(TCGA+GEQ)

Unsupervised Clustering

Sequencing data of
65 CHOL samples

Bioinformatic
analysis

/
444

Cluster 1

412

Cluster 2

St 5 10 15
\ GO enrichfiiént

Survival probabily

Establishment of risk signature

1. cuproptosis-related genes

2. cuproptosis-related IncRNAs

co-expression analysis

P

Pl Liklood Dance

K LASSO-COX analysis

ow risk

isk

risk model

Validation of risk signature

Timelyears
Survival analysis

ECM-acaptor teracton |

Prolsin digestion and absarpion

Sectonergic synapse

Linolsio acid mefabolsm{

Renin-anglotenain system®

[ LA

L ]
BEEET}
EE5E°

NG
KEGG éfitfithment /

Fig. 1. Workflow of this study.


https://www.r-project.org

H.-F. Yao et al.

A B

Heliyon 10 (2024) e22774

Dataset 8l Dataset Datasst :‘;
" © TeeAcHoL 15 © TeGACHOL 05 ® TeeachoL wloe
- © Gsetrus 1 © Gsetones ® Gseimes 10,7
1 04 05 .
10:
z & z g oo
24 8 g, -0
& g H £
4 -1
% 02 -20:
02 o -15
-2 ” ol -30
o, @ -85
-8
! T T T L T

Dataset
© TeaRCHOL
© GsEn0nees

T T
3 Expression®

Subtype BE Tumor Bl Normal

s R I

Expression
s N
-
=3
—m=—
—
[
- -

T T T T T T T T T T T T T
15 ~25-20-16-10-0500 05 10 15 20 25 30 35
UMAPY

-
o
NN O N & N QPN O A
||||| Yl FELEFSFLL ST FEIT LS
& & S
consensus matrix k=2 3 Cluster
Mot
2 Mcz
1.00
Group
] T | 9 = Cuproptosis low
Ii“l IIII 1 - E 0.75 =+ Cuproptosis high
i - 3
® g. 050{ -------
s :
3 H
025 :
@ p=0.031 :
i 1
0.00 ' k
0 2 4 8
Time(years)
a Number at risk
Bopmesly & ¢ 5 g
0 2 4 6 8
Time(years)

(3.

cilium organization | IR

ECM-receptor interaction

establishment of planar polari
establishment of tissue pol
morphogenesis of a polarized epitheliur
determination of leftight symmetry
determination of bilateral symmetry-

& Bl TUTE) 2

DNA-binding transcription activator acti
DNA-binding transcrition acivator activiy- E—

Renin-angiotensin system

pepti
solute:sodium symporter a
‘symporter activity | I

Protein digestion and absorption
3 brush border membrane
= pvalue
[ Gillary plasm { I
L' v prt oo | E— 002
- apical plasma membrane { I Serotonergic synapse{
cytoplasmic region | I G004
ocee

Linoleic acid metabolism {

0.02

Count
.2
L
[ X
@
@
[ ]
pralue
00
o3
o002
oot
003 004
GeneRatio

(caption on next page)



H.-F. Yao et al. Heliyon 10 (2024) e22774

Fig. 2. Identify the cuproptosis-related clusters in cholangiocarcinoma. (A-B), The expression level of samples from two databases before removing
the batch effect. (C-D), The expression level of samples from two databases after removing the batch effect. (E-F), The expression patterns of CRGs
in CHOL samples and normal samples. (G), The heatmap of consensus clustering solution (k = 2) in CHOL samples. (H), The expression of CRGs in
different clusters. (I), Kaplan-Meier curves of OS in cuproptosis-high and cuproptosis-low clusters. (J), The heatmap of DEGs between the two
Elusters. (K-L), GO (K) and KEGG (L) enrichment analysis. ***p < 0.001; **p < 0.01; *p < 0.05.

from two datasets: the TCGA-CHOL dataset and the GSE107943 dataset. With the preprocessing mentioned above, the two expression
profiles were merged and the batch effect was removed (Fig. 2A-D). Finally, a total of 74 samples comprising 65 tumor samples and 9
normal samples were collected. We initially explored the expression patterns of 19 CRGs in both CHOL samples and normal samples. As
presented, the most genes, including PDHA1, DLST, DLD, DLAT, LIAS, LIPT2, NLRP3, CDKN2A, NFE2L2, ATP7A, GLS, LIPT1, and
MTF1 were highly expressed in tumor samples (Fig. 2E-F). Furthermore, cuproptosis-related clusters of CHOL were identified by
consensus clustering (Fig. 2G-H). As a result, the cluster 2 (C2) showed a high CRGs expression level, while the cluster 1 (C1) was
identified as a cuproptosis-low cluster. Survival analysis revealed a remarkable difference between two clusters. In general, the
cuproptosis-low cluster exhibited a dismal prognosis compared to the cuproptosis-high cluster (Fig. 2I). Furthermore, DEGs between
the two clusters were analyzed. Identified 422 DEGs were obtained and enrichment analysis was conducted (Fig. 2J). The results
suggested that these DEGs were significantly enriched in DNA-binding transcription activator activity, cell projection membrane,
peptide hormone binding in GO enrichment, and ECM-receptor interaction in KEGG enrichment analysis (Fig. 2K-L).

4.2. Identification of CRLs and construction of a risk signature

To identify IncRNAs associated with cuproptosis, we gathered 19 CRGs from published literature. Next, we extracted the expression
levels of these genes from the previously obtained expression profile. Pearson’s correlation coefficient was then used, with a criterion
which was described in the method. Totally 214 CRLs were identified (Fig. 3A). After obtaining clinical data, a total of 65 CHOL
samples were separated into two sets: a training set and a validation set. In the training group, utilizing univariate Cox analysis, a total
of 7 CRLs were identified as prognosis-related IncRNAs (Fig. 3B). Afterward, the LASSO regression analysis was conducted to prevent
overfitting. As a result, five IncRNAs related to cuproptosis were left for further analysis (Fig. 3C-D). Subsequently, the multivariate
Cox regression analysis was utilized to identify independent indicators among these IncRNAs in the training group. Ultimately, four
IncRNAs (C100rf55, NOP14-AS1, PAXIP1-AS1 and WAC-AS1) remained to establish a risk signature associated with the prognosis of
CHOL samples (Fig. 3E, Table 1). Among them, NOP14-AS1, PAXIP1-AS1, and WAC-AS1 were found to be protective factors, and the
samples with higher expression of them had a better prognosis. While C100rf55 was a poor prognostic factor, the samples with higher
expression of C100rf55 had a worse prognosis. Consequently, a four-lncRNA risk signature was established for prognostic prediction of
CHOL patients. The risk score was calculated by the expression levels of the four IncRNAs and the corresponding multivariate Cox
regression coefficients.

Risk score = 2.196 x ( C100rf55 ) + —2.621 x Exp ( NOP14-AS1 ) + —1.817 x Exp ( PAXIPI-AS1 ) + —3.216 x Exp ( WAC-AS1 ) .

By employing the median risk score as a threshold, we categorized all samples in both the training and validation sets into high- and
low-risk groups.

4.3. The risk signature exhibited an association with the prognosis of CHOL patients in the training set

The risk scores for all sample were calculated using the aforementioned formula. The distribution of these four IncRNAs was
indicated in the heat map (Fig. 3F). The increase in the risk score was found to have a closely correlation with a decrease in the number
of surviving patients and an increase in the number of deceased samples (Fig. 3G-H). Furthermore, the overall survival (OS) time of
patients with higher risk scores was shorter compared to that in the group of low-risk (p < 0.001) (Fig. 3I). Besides, the accuracy and
reliability of the signature in prognosis prediction was proved by the ROC curves (AUC = 0.944, 0.853, 0.839 for 1-, 2-, and 3-year)
(Fig. 3J). To validate whether the signature impacted the prognosis of CHOL patients independently, Cox regression analyses were
performed. The results supported that the risk signature acted as a significant, independent prognostic factor, strongly influencing the
outcomes of CHOL patients (p < 0.001) (Fig. 3K-L).

4.4. Verification of the risk signature in the validation set and all samples

To enhance the reliability of the risk model, verification was made in both the validation set and entire cohort. Similar to the
training set, the results presented the distributions of the 4 IncRNAs and the risk scores. We observed that when the risk score
increased, survival samples decreased while death samples increased (Fig. 4A-F). In accordance with the training cohort, the group of
high-risk had a shorter OS time compared to the other group (Fig. 4G-H). In addition, the ROC curves indicated that the risk signature
had a high level of accuracy in predicting the prognosis, both in the validation group and across all samples (Fig. 4I-J). Moreover, in
line with the training group, the results supported that the risk signature had ability to predict the prognosis for CHOL patients
independently in both the validation set and entire cohort (Fig. 4K-N). These findings further validated the significance of the risk
signature in predicting outcomes for CHOL patient.
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Fig. 3. The prognostic value of four cuproptosis-related IncRNAs in the training group. (A), The Sankey diagram of CRGs and CRLs. (B), The results
of the Univariate Cox regression analysis. (C), Cross-validation plot for the results of LASSO regression analysis. (D), Plots for LASSO expression
coefficients of the CRLs. (E), The coefficient of four CRLs. (F), The expression levels of four IncRNAs in every sample. The change from blue to red
means the rise of expression. (G), The distribution of the risk scores in the training group. (H), The correlation of risk score and survival status in the
training group. (I), Kaplan-Meier overall survival curve of samples in the low- and high-risk groups. (J), ROC curves of the risk signature in the
training group. (K), Univariate Cox regression analysis of risk score and other clinical features in CHOL patients. (L), Multivariate Cox regression
analysis of risk score and other clinical features in CHOL patients. (For interpretation of the references to color in this figure legend, the reader is
Eeferred to the Web version of this article.)

Table 1

The results of Multivariate Cox regression analysis.
1d Coef HR HR.95L HR.95H P value
C10orf55 2.20 5.128 1.529 17.201 0.008
NOP14-AS1 —2.62 0.071 0.009 0.594 0.015
PAXIP1-AS1 -1.82 0.108 0.013 0.881 0.038
WAC-AS1 —-3.22 0.012 0.001 0.248 0.004

4.5. Comparison of predictive capacity between risk signature and other clinical characteristics

To compare the capabilities of prognosis prediction between risk signature and other clinicopathological characteristics, we
conducted ROC curve analysis. The analysis suggested that the signature was confirmed to be the best predictor compared with others
(Fig. 5A-C). Furthermore, these results were further verified by the c-index (Fig. 5D). Kaplan-Meier survival analysis within each
subtype was conducted to assess the stability of risk signature in prognostic prediction across different patient subgroups. Regardless of
the gender or stage of patients, the risk signature still had great performance in distinguishing the remarkable difference in OS time
between groups with different risk scores (Fig. 5SE-H). Subsequently, PCA was utilized to evaluate the grouping ability of the risk
signature. Using whole-genome expression profiles, 19 CRGs, 214 CRLs, and the risk signature, the results revealed a significant
distinction between different risk groups. It suggested that the risk signature effectively stratified the samples into two distinct groups
(Fig. 5I-L). Finally, the establishment of a nomogram offered a practical and quantitative approach for prognostic prediction in CHOL
patients (Fig. 5SM). To assess the reliability and stability of the nomogram, we utilized calibrate curves, which revealed that the
predicted survival rates from the nomogram closely aligned the actual survival rates (Fig. 5N). Collectively, these results suggested that
the signature developed in this study had stable and reliable capabilities in prognostic prediction for CHOL patients.

4.6. Expression difference analysis

Initially, the DEGs were screened between the two risk groups using a significance criterion mentioned in the method. Then, to
uncover the expression differences and biological processes associated with the risk model, GO and KEGG enrichment analysis were
employed. The GO analysis revealed that the identified DEGs between the two groups enriched in multiple immune-associated pro-
cesses, such as neutrophil migration, neutrophil chemotaxis, granulocyte chemotaxis, chemokine activity, and CCR chemokine re-
ceptor binding (Fig. 6A-C). In contrast, neuroactive ligand—receptor interaction, bile secretion, and other signaling pathways were
enriched in the KEGG enrichment analysis (Fig. 6D-E). These findings provided evidence that the identified risk signature could act as
a predictive tool of immune response for CHOL patients.

4.7. Correlation between risk signature and immune infiltration

TIME has been shown to exert a critical influence on the progression of cholangiocarcinoma [27-29]. To further investigate the
characteristics of the TIME in CHOL samples, several analyses were conducted. Firstly, we employed the ‘ESTIMATE’ algorithm to
evaluate the differences in immune-related scores among two groups. The findings revealed that lower estimate and immune scores
existed in the group of low-risk (Fig. 7A). Moreover, we utilized the ssGSEA to compute the enrichment of several immune functions for
all samples. The results suggested that several immune functions such as parainflammation, inflammation-promoting, cytolytic ac-
tivity, and APC co-inhibition were more active in the patients with higher risk scores (Fig. 7B-C). Furthermore, the CIBERSORT
package was conducted to investigate the differences in the composition of immune cell subtypes in two groups. The results revealed a
higher proportion of T cells gamma delta in the group of high-risk. However, Mast cells resting and activated NK cells were the opposite
(Fig. 7D-E). Besides, the proportions of Mast cells resting, activated NK cells, and B cells memory were negatively correlated with risk
score (Fig. 7G-I). Overall, these findings indicated a substantial disparity in the TIME between different risk groups.

The advancement of ICM research has revolutionized the clinical decision-making process in cancer oncology by introducing
immune checkpoint inhibitors [30-32]. Subsequently, we selected certain ICMs, and the relative expression of them were examined
among different risk groups. The analysis uncovered a noteworthy association between the risk signature and ICMs. The results
demonstrated that CD244, CD70, and PDCD1LG2 were elevated in the group with higher risk score. On the other hand, NRP1 and
VTCN1 exhibited opposite trends, suggesting downregulation in the high-risk group (Fig. 7F). Therefore, the association between the
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Fig. 4. The prognostic value of four cuproptosis-related IncRNAs in the validation set and all samples. The expression levels of four IncRNAs in the
(A) validation set and (B) all samples. The change from blue to red means the rise of expression. The distribution of the risk scores in the (C)
validation set and (D) all samples. The correlation of risk scores and survival status in the (E) validation set and (F) all samples. Kaplan-Meier overall
survival curve of samples in the (G) validation set and (H) all samples. ROC curves of the risk signature in the (I) validation set and (J) all samples.
The Univariate Cox regression analysis of risk score and other clinical features in the (K) validation set and (L) all samples. The Multivariate Cox
regression analysis of risk score and other clinical features in the (M) validation set and (N) all samples. (For interpretation of the references to color
iAn this figure legend, the reader is referred to the Web version of this article.)

risk model and the expression of ICMs provided valuable insights into the potential utilities of the risk model in predicting the response
to immune checkpoint blockade therapies in CHOL patients.

4.8. Investigation of the association between the risk signature and sensitivities of chemotherapy drugs

In recent years, the introduction of numerous anti-tumor drugs has made chemotherapy a preferred treatment option in many
clinical scenarios. However, the availabilities of the drugs are limited. Besides, because of the existence of drug resistance, many anti-
tumor drugs fail in the anti-tumor process [33]. Therefore, it is crucial to screen the potential chemotherapy drugs for the different
patients, which could ensure great responses to the chemotherapy and improve long-term quality of life [34]. Thus, pRRophetic al-
gorithm was utilized to screen the drugs with different sensitivities in two groups. As presented in the result, patients with higher risk
scores exhibited greater sensitivity to these drugs (Cisplatin, AZD7762, CGP-60474, Nilotinib, Parthenolide), while patients with lower
risk scores displayed lower IC50 values for the remaining drugs (GSK1904529A, EHT 1864, KIN001-055, NG-25, YM201636)
(Fig. 8A-J). These findings may offer valuable insights for the future application of these drugs in a clinical setting.

4.9. Validating the prognostic prediction capacity of the risk signature using our own samples

Initially, the expression level of each IncRNA was detected by qRT-PCR. The results revealed significantly higher expression value
of C100rf55, PAXIP1-AS1, and WAC-AS1 in CHOL samples compared to normal tissues. (Fig. 9A-D). In this study, C100rf55 was
identified as a risk factor, while PAXIP1-AS1 and WAC-AS1 were identified as protective factors. Hence, the reasons underlying the
elevated expression of PAXIP1-AS1 and WAC-AS1 in tumor samples may be complex. The roles played by PAXIP1-AS1 and WAC-AS1 in
CHOL are multifaceted, and additional experiments are necessary to illustrate the potential effects of C100rf55, PAXIP1-AS1 and WAC-
AS1 in CHOL in the future. Additionally, we found that C100rf55 may serve as an indicator for prognosis prediction in our own
samples. The higher the expression level of C100rf55, the worse the prognosis of CHOL patients (Fig. 9E) (p = 0.033). Moreover, we
validated the correlation between the C100rf55 and key ICMs to elaborate the impact of C100rf55 on the immunotherapy of CHOL. As
presented in the results, the expression of C100rf55 was significantly related with CD274 (p = 4.7e-06, R = 0.68), HAVCR2 (p =
0.0046, R = 0.46), CD86 (p = 0.0036, R = 0.47), PDCD1LG2 (p = 9.6e-08, R = 0.76), CD244 (p = 0.0086, R = 0.43), and TNFSF9 (p =
1.6e-07, R = 0.75) (Fig. 9F-K). These results indicated that C100rf55 could serve as a potential target in immunotherapy in CHOL.
Furthermore, we also validated the predictive capacity of the signature in 20 CHOL samples from Ren Ji hospital.

The expression level of each IncRNA, detected by qRT-PCR, was integrated into the previously described formula. Then the samples
were categorized into high- and low-risk groups similarly.

Consistent to the previous findings, patients belonging to the group of high-risk demonstrated significantly shorter OS times
compared to those belonging to the other group (Fig. 9L) (p = 0.044). Besides, we conducted a comparison of clinical data, including
stage, CEA, and CA19-9, between different risk groups (Fig. 9M — O). The results revealed that the levels of CEA and CA19-9 were
higher in the group of high-risk. In conclusion, the signature had great accuracy and robustness not only in the database, but also in our
own patients.

5. Discussion

Cholangiocarcinoma (CHOL) is an extremely malignant disease with unfortunate prognosis. Although studies on chol-
angiocarcinoma have increased in recent years, the potential mechanism underlying the occurrence and development of this disease
remains unclear [35,36]. Surgical resection, which involves the removal of the tumor and surrounding healthy tissue, remains the
primary treatment strategy for CHOL. However, most of the patients with CHOL are unqualified for surgical operation because they are
diagnosed at advanced stages. Therefore, the discovery and identification of new biomarkers related to disease prognosis and stage are
of significant importance. Recently, Carbohydrate antigen 19-9 (CA19-9), as well as cancer antigen 125 (CA125) have been
acknowledged as early biomarkers of CHOL in clinical work [37,38]. Nevertheless, it is disappointing that their specificity is not
satisfactory [39,40]. CA19-9 and CA125 will also increase when other abdominal tumors occur. Consequently, identifying a new
biomarker and integrating it into clinical practice for CHOL patients is urgent.

Cell death is a fundamental process in maintaining organ development and tissue homeostasis [41]. Cancerous cells always have
the characteristic of uncontrolled proliferation because of confusion about cell death procedures. Cell death is classified into two
categories based on the speed of occurrence: accidental cell death (ACD) and RCD [42]. Cuproptosis, a form of RCD triggered by excess
intracellular copper, has garnered significant research attention. However, how cuproptosis participates in tumorigenesis and pro-
gression remains unclear.

Previous studies have shown promising results in developing prognostic signatures for CHOL patients. Zhang et al. established a
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Fig. 6. Functional enrichment analysis in low- and high-risk groups. (A-C), Gene Ontology (GO) enrichment analysis of DEGs in two groups. (D-E),
Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of DEGs in two groups.

four-gene prognostic signature using ferroptosis-related genes for CHOL and photodynamic therapy [5]. Xie et al. reported a signature
based on IncRNAs for survival prediction and risk stratification in CHOL [7]. Another study identified a metabolism-related signature
to deeply explore the target genes and potential mechanism in intrahepatic cholangiocarcinoma [43]. However, whether cuproptosis is
also a great indicator for prognostic prediction in CHOL was not studied. The primary purpose of this research was to find and validate
a risk signature for CHOL prognosis using CRLs, and assess the accuracy and reliability of this signature by ROC curve analysis. This
signature was validated in the validation set and all samples, which confirmed the signature served as an independent prognostic
factor. It also made the risk signature as a crucial piece of information in clinical decision-making.

Recently, numerous pieces of research have focused on the relationship between antitumor immunity and the progression of tu-
mors. Plenty of studies highlighted the crucial role of the TIME in both tumor development and patient prognosis. Understanding the
characteristics of the TIME is crucial for developing effective clinical therapies. TIME and the role of tumor-infiltrating immune cells
have become major areas of research in the context of CHOL as well. A study states clearly that LAIR2 and PNOC are associated with
higher immune infiltration status in CHOL [44]. Furthermore, extensive research has uncovered the influences of IncRNAs on infil-
trating immune cells. Xu et al. revealed that SATB2-AS1 affected the TIME in colorectal cancer [45]. The study of Sun et al. suggested
that LINC00301 was associated with the immunosuppressive microenvironment in lung cancer [46]. Therefore, we speculated that
tumor-infiltrating immune cell subtypes were closely related to IncRNAs. In our research, a relationship was established between the
infiltrating immune cells and risk signature.

To further investigate the association between risk model and the drug sensitivity, we employed the pRRophetic algorithm. As a
result, we identified multiple drugs that exhibited differing sensitivities between the two groups. Cisplatin has been used for treating
numerous human cancers including lung cancer, ovarian cancer and CHOL. The mechanism of it could be explained as interfering the
process of DNA repair and finally inducing apoptosis in tumor cells [47]. CHK1 was reported to be a cell cycle checkpoint, which
protected the tumor cells from apoptosis in p53-deficient situation [48]. AZD7762 is known for its strong ability to inhibit CHK1,
which showed a lower IC50 in the patients with higher risk scores. Research has identified the oncogenic role of NF-kB signaling, so the
NF-xB signaling becomes the new target to inhibit the progression of cancers in the recent years [49]. Parthenolide exhibited
anti-tumor activity by inhibiting NF-kB activation, which showed a lower IC50 in the patients with higher risk scores. Among the other
potential drugs, the GSK1904529A, an inhibitor of insulin-like growth factor-1 receptor (IGF-1R) and insulin receptor (IR), and EHT
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Fig. 7. The relationship between tumor immune microenvironment and the risk signature. (A), The relationship between risk score and immune-
related scores in CHOL samples. (B-C), Comparison of immune-related pathways between the low- and high-risk groups. (D-E), The proportion of
infiltrating immune cells between the high- and low-risk groups calculated by CIBERSORT algorithm. (F), Comparison of the expression levels of
immune checkpoint key molecules in the low- and high-risk groups. (G-I), Correlation between the risk score and immune cells. ***p < 0.001; **p
< 0.01; *p < 0.05.
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1864, which is an inhibitor of Rac family small GTPases, were more sensitive to the patients with lower risk scores. Substantially, the
incorporation of risk model into personalized medicine allows healthcare providers to make more informed treatment decisions
tailored to individual patients.

Despite the increasing identification of various IncRNAs in tumors development, the complete function of IncRNAs has not been
deeply studied. Even if IncRNAs cannot encode proteins, their significance in cancer progression is comparable to that of protein-
coding genes. Similarly, the use of IncRNAs as potential biomarkers has been extensively explored in various studies to predict pa-
tient survival. These findings provided further insights into the critical role played by IncRNAs in tumor development and progression.
Our research successfully identified a four-IncRNA signature consisting of C100rf55, NOP14-AS1, PAXIP1-AS1, and WAC-AS1. This
signature has shown a closely correlation with the prognosis of CHOL patients. In previous studies, C100rf55 was incorporated into the
signature, enabling the prediction of relapse in cytogenetically normal acute myeloid leukemia [S0]. LncRNA NOP14-AS1 was found to
promote tongue squamous cell carcinoma progression [51]. Moreover, PAXIP1-AS1 was found to facilitate the progression of both
glioma and ovarian cancer [52,53]. Similarly, Xia et al. discovered that WAC-AS1 participated in the progression of hepatocellular
carcinoma [54]. In this study, we confirmed the predictive power of these four IncRNAs in our own CHOL samples, which proved the
accuracy and robustness of the signature. However, the precise mechanism of these IncRNAs in the development of CHOL remains
unclear and requires further investigation.

Additionally, some limitations still exist. Firstly, as the data were obtained from public datasets, there may be inherent limitations
in data quality and consistency. Secondly, our study was based on retrospective samples. Therefore, more studies are necessary to
prove the reliability of this signature through the inclusion of additional prospective cohorts. Additionally, it is important to provide
more evidence by which these four IncRNAs promote to the tumorigenesis and progression of CHOL.

Ethical statement

This study was approved under the number 2018-076 assigned by the Research Ethics Committee of Ren Ji Hospital, Shanghai Jiao
Tong University School of Medicine.

Data availability statement

The data used in this study are all available from the TCGA database (https://portal.gdc.cancer.gov/) and GEO database (https://
www.ncbi.nlm.nih.gov/geo/).
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Fig. 9. Validation of the four IncRNAs and the risk signature in our tumor samples. (A-D), Comparison of the expression levels of four IncRNAs in
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Table S1
Summary of Cuproptosis -related genes

Cuproptosis-related genes

NFE2L2 NLRP3 ATP7B ATP7A SLC31A1
FDX1 LIAS LIPT1 LIPT2 DLD
DLAT PDHA1 PDHB MTF1 GLS
CDKN2A DBT GCSH DLST

Table S2
The primers used in this study
Gene Primers sequences Amplicon size Accession no.
GAPDH forward 5-CAGGAGGCATTGCTGATGAT-3' 138 NM_002046
GAPDH reverse 5'-GAAGGCTGGGGCTCATTT-3'
C100rf55 forward 5-ATTCGGGAGGAGGCTTCATCA-3' 127 NR_160937
C100rf55 reverse 5-TGAGAACTAGATACGAACAGGGT-3'
NOP14-AS1 forward 5-GTCGTAGTCTGGTTAATCCTT-3' 178 NR_015453
NOP14-AS1 reverse 5-ACTGAACTTGTGTCCTTAGC-3'
PAXIP1-AS1 forward 5-ACGCCTGTAATCCTATCCT-3' 190 NR_028090
PAXIP1-AS1 reverse 5-CCGAGTTCAAGCCATTCT-3'
WAC-AS1 forward 5'-GACAGAGCGAGATTCCATC-3' 190 NR_033805
WAC-AS1 reverse 5-AGAGTATGACAACAGCAACA-3'
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