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Background: Intrahepatic cholangiocarcinoma (ICC) is a highly invasive bile duct cancer with poor
prognosis due to frequent recurrence and limited effective treatments. Cancer stem cells (CSCs) contribute
to ICC’ therapeutic resistance and recurrence, driven by distinct cellular subpopulations with variable
tumorigenic properties. Recent advances in single-cell RNA sequencing (scRNA-seq) have enabled a deeper
exploration of cellular heterogeneity in tumors, offering insights into unique CSC subgroups that impact
ICC progression and patient outcomes. This study aimed to investigate the effect of CSC heterogeneity on
the prognosis of ICC.

Methods: The scRNA-seq dataset GSE142784 was retrieved from the Gene Expression Omnibus (GEO)
database, and Bulk RNA-seq data were obtained from The Cancer Genome Atlas (TCGA) databases.
Hallmarks and AUCell R package were adopted for analyzing the signaling pathway activity, CellChat
for observing cell communication between subgroups, and SCENIC for analyzing transcription factors
expression. The immune cell infiltration and drug sensitivity of the model were analyzed using the
CIBERSORT algorithm and the “pRRophetic” R packages, respectively. And immunohistochemistry (IHC)
tests were used to evaluate expression of transcription factors in ICC patients.

Results: Based on scRNA-seq data, five clusters (DLK", CD13", CD90*, CD133", and other
cholangiocarcinoma cells) were observed in ICC, which presented different signaling pathway activities,
such as HSF1 and STAT'1 were highly expressed in the CD133 cluster, and consistent with the results of
THC tests. Pathways like Notch and Wnt/B-catenin signaling transferred among above subgroups. Further,
subgroups favored varied immune response and drug sensitivity, and CD133" subgroup patients showed
significantly shortened recurrence-free survival (RFS).

Conclusions: Configuring the subgroup of ICC is helpful for predicting the prognosis and drug resistance

in ICC and can provide new strategies for cancer treatment.
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Introduction

Intrahepatic cholangiocarcinoma (ICC), originated from
epithelial cells of intrahepatic and extrahepatic bile ducts,
is the second leading hepatic malignancy, characterized
by high invasiveness and refractory to chemotherapy (1).
Over the past decade, ICC has become a major global
health concern due to its increasing morbidity and
mortality, compounded by high recurrence and metastasis
rates after treatment (2-4). According to statistics, only
5% of ICC patients survive more than 5 years, and
satisfactory solutions for this low survival rate have not
been established (5).

A major factor in ICC’s aggressive behavior is the presence
of cancer stem cells (CSCs), a unique subset of tumor cells
capable of self-renewal and differentiation. Unlike normal
stem cells, CSCs evade regulatory mechanisms, allowing
unchecked expansion and continuous production of
tumorigenic progeny, which drive recurrence and metastasis
in ICC (6,7). Critical signaling pathways play essential roles
in maintaining CSC characteristics within ICC. The Notch
pathway, for instance, is known to regulate CSC self-renewal
and differentiation in liver cancers, where its activation
supports tumorigenic properties and contributes to ICC
progression and therapy resistance (8). Similarly, Wnt/
B-catenin signaling is crucial for maintaining CSC stemness,
and its abnormal activation in ICC is associated with increased
invasiveness and therapeutic resistance, making it a promising
target for disrupting CSC-driven tumor growth (9),
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Key findings

¢ Distinct cancer stem cell (CSC) subpopulations, including CD13",
CD90", and CD133" cells, have been identified in intrahepatic
cholangiocarcinoma (ICC), each with unique signaling and
immune profiles.

* The CD133" subgroup is associated with poorer prognosis and
shorter recurrence-free survival.

What is known and what is new?

e It is established that CSCs play a role in ICC progression and
treatment resistance.

® Our study reveals that specific CSC subpopulations in ICC show
unique molecular traits, with CD133" cells linked to an unfavorable
prognosis.

What is the implication, and what should change now?

* Recognizing the impact of CSC heterogeneity in ICC could enable
more personalized therapies that target distinct CSC subgroups,
offering the potential to improve patient outcomes.
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positioning CSCs as a crucial focus in ICC therapy. And
it is reported that targeting CSC can significantly reduce
metastasis and recurrence rates in other cancers, including
gastric cancer and breast cancer (10,11).

Recent advances in systemic therapies, including
immunotherapy and targeted molecular treatments,
offer promising options for addressing CSC-driven ICC
progression. For instance, novel immunotherapies are being
explored to enhance the immune response against ICC
by targeting immune evasion mechanisms (12). Targeted
therapies directed at specific mutations, like fibroblast growth
factor receptor (FGFR) and isocitrate dehydrogenase (IDH),
are also promising as they focus on molecular alterations
unique to ICC tumors (13). However, these treatments come
with risks; for example, immune checkpoint inhibitors (ICIs)
have been linked to liver-specific toxicities, including elevated
transaminase levels, which require careful monitoring,
especially in ICC patients (14). This highlights the need
for a refined therapeutic approach that balances efficacy
with safety. However, ICC CSC populations are highly
heterogeneous, with distinct subtypes exhibiting variable
molecular characteristics and responses to treatment,
making therapeutic targeting complex.

The advent of single-cell RNA sequencing (scRINA-seq)
has transformed our understanding of CSC heterogeneity
by providing an unprecedented resolution of the cellular
composition within tumors. Unlike conventional bulk
RNA sequencing, which aggregates gene expression across
all cell types, scRNA-seq allows for a cell-by-cell analysis,
uncovering the diversity of CSC subpopulations within ICC
and their unique molecular profiles. This technology has
already been applied in several cancers, such as esophageal
squamous cell carcinoma and ovarian cancer, where it
has enabled the identification of prognostic markers and
therapeutic targets within CSC populations (15,16). In ICC,
scRNA-seq has shed light on interactions between CSCs
and cancer-associated fibroblasts (CAFs) (17,18), revealing
the immune status of the ICC tumor microenvironment,
and providing new biomarkers for ICC prognosis (19).
However, existing studies on ICC have largely overlooked
the detailed heterogeneity of CSCs, often lacking the
resolution to identify distinct subpopulations and their
unique roles in immune evasion and drug resistance, and
no research has yet explored the relationship between
CSC heterogeneity and patient prognosis in ICC. Here,
we provide a comprehensive analysis of CSC subgroups
(CD13%, CD90" and CD133"), their signaling pathways, and

interactions within the tumor microenvironment based on
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scRNA-seq data. By integrating this heterogeneity into a
prognostic model, we aim to enhance outcome prediction
and identify targeted therapeutic strategies, advancing
personalized treatment approaches for ICC. We present
this article in accordance with the REMARK reporting
checklist (available at https://tcr.amegroups.com/article/
view/10.21037/tcr-24-1286/rc).

Methods
Data collection

Single-cell transcriptome data for CSCs in ICC and
adjacent tissue samples were obtained from the Gene
Expression Omnibus (GEO) database (https://www.ncbi.
nlm.nih.gov/geo/), accession number GSE142784 (17),
including four treatment-naive ICC samples, one recurrent
ICC sample, and three adjacent tissues; clinical sample
information and gene expression data for ICC were
obtained from The Cancer Genome Atlas (TCGA) database
(https://www.ncbi.nlm.nih.gov/geo/).

scRNA-seq data processing

R language scripts were written for analysis of the obtained
scRNA-seq data. First, sequencing data were merged via
the “Seurat” R package, and then log-normalization of the
merged datasets was performed using the “NormalizeData”
function. Next, the 2,000 most highly variable genes were
selected after quality control using “FindVariableFeatures”.
Subsequently, the “ScaleData” function was employed
to further correct the data; the t-distributed stochastic
neighbor embedding (t-SNE) algorithm was used to cluster
cell groups; the “RunTSNE” function was used to generate
clusters; the “FindAllMarker” function was used to annotate
each cluster; and the “FindMarkers” function was used to
identify differentially expressed genes between two clusters.
In addition, the “Seurat” and “DoHeatmap” functions
were used to assess features and generate heatmaps of gene
expression, respectively, and SCENIC was used to further
analyze changes in the expression of transcription factors.
Clusters consisting of CSCs were extracted and reprocessed
in the same way as described above, and each CSC type
was further divided into subclusters. Marker genes for each
stem cell subset were identified by comparison of the CSC
subsets with the corresponding normal subsets, and P<0.05
was considered to indicate a significant difference. Finally,
marker genes for each CSC subgroup were regarded as
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differentially expressed genes.

Pseudotime analysis of single-cell gene expression

Pseudotime analysis was performed using Monocle2 (version
2.18.0), and the assessed time was scaled from 0 to 1 (20).
The indicated channel acted as the input dimension. Then,
hub genes in each cluster were identified based on the
“diffialGeneTest” function in the “Monocle2” package.
According to the q value (q<0.01), the top 2,000 genes
were filtered out. The expression profiles were reduced
to two dimensions using the DDRTree method through
the “reduceDimension” function in Monocle2 (max_
components =2). Then, the “orderCells” function was
applied to order malignant cells and assign a “time” value.

Calculation of cell signaling pathway activity

Hallmark gene sets of signaling pathways, including the
epithelial mesenchymal transition (EMT) pathway, P53
pathway, Notch signaling pathway and Wnt/B-catenin
pathway, were obtained from the Molecular Signatures
Database (MSigDB) (https://www.gsea-msigdb.org/gsea/
msigdb/). Briefly, key genes involved in metastasis were
obtained using MSigDB. Subsequently, CellChat was used
to assess the viability of individual cells according to each
gene set.

Cell-cell communication

To investigate cell-cell communication and interactions
and identify mechanisms of communication at single-
cell resolution, the R package “CellChat” (version 1.0.0)
was applied to cells in five cell groups, namely, CD13
cells, CD133 cells, CD90 cells, dual leucine zipper kinase
(DLK)1 + ICC cells, and ICC cells. Specifically, CellChat
was used to construct cell-cell communication networks
and visualize the signals of each cell group. Additionally,
the “computeNetSimilarity” function was adopted
for identifying signal groups with similar functions or
structures, and the “netAnalysis_signalingRole_heatmap”
function was used for visualizing signaling pathways.

Immunobistochemical staining

Specimens from 10 treatment-naive ICC patients were
collected from the Third Affiliated Hospital of Sun Yat-sen

University. The study was conducted in accordance with
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the Declaration of Helsinki (as revised in 2013). The study
was approved by the Institute Research Ethics Committee
of the Third Affiliated Hospital of Sun Yat-sen University
(No. [2023]02-167) and informed consent was taken from
all individual participants.

The EnVision immunohistochemistry (IHC) system was
used to analyze the expression of CD13, CD133, CD90,
HSF1 and STAT1. The slides were incubated with rabbit-
derived monoclonal antibodies against CK19 (ab76539,
Abcam, Cambridge, USA, 1:1,000), CD90 (ab92574, Abcam,
1:200), CD13 (GB11356, Servicebio, Wuhan, China, 1:500),
CD133 (ab222782, Abcam, 1:1,000), HSF1 (GB11932,
Servicebio, 1:500) and STAT1 (GB111363, Servicebio,
1:1,000) as the primary antibodies and then incubated with
a horseradish peroxidase (HRP)-labeled secondary antibody
(Dako Envision, Glostrup, Denmark). Phosphate buffer

saline (PBS) was used as the negative control.

Prediction of prognostic features

After collecting cholangiocarcinoma-related datasets from
the TCGA, bulk RNA-seq data from the ssGSEA tool was
used for data scoring, ConsensusClusterPlus was used for
unsupervised clustering, and the entire dataset was used for
observing the predictive ability of cell subgroups. In addition,
Kaplan-Meier curves were generated to analyze recurrence-
free survival (RFS) outcomes in different groups of patients.

Cell subgroup and immune-related analyses

After grouping the TCGA patients, CIBERSORT was
used to observe immune-related cell scores and analyze
the correlations among these scores, and ESTIMATE was
used to calculate and observe the overall immune score and
stromal score of tumor samples.

Prediction of the sensitivity of cell subgroups to drugs

Drug response prediction was performed using the
“pRRophetic” package in R. Specifically, ridge regression
was used to estimate the half-maximal inhibitory
concentration (ICy) for each patient, and the accuracy of
prediction was determined by 10-fold cross-validation based
on the Genomics of Drug Sensitivity in Cancer database.

Statistical analysis

Single-cell sequencing data were analyzed through the
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R package, single-cell analysis plots were generated via
the “ggplot2” package, and Kaplan-Meier analysis was
performed with the “glmnet” and “survival” packages.
P<0.05 was considered to indicate statistical significance,
and all the statistical analyses were performed using R
language version 3.6.1.

Results
Sorting of ICC cell groups
Via the t-SNE algorithm, the heterogeneity of CSCs in

ICC patients was sorted to observe. After dimensionality
reduction and unsupervised cell clustering, we identified
malignant (48.30%; EPCAM, KRT7, KRT19), biliary
epithelia (30.18%; KRT7, KRT19), macrophages (8.74%;
CD14), T (5.33%; CD2, CD3D, CD3E), endothelial (2.26%;
ENG, VWEF), dendritic (1.49%; CD1C), fibroblasts (2.13%;
ACTA2, COL1A2), B (1.33%; CD79a), and hepatocytes
(0.23%; APOC3, FABP1, APOA1) cells as nine distinct
lineages based on marker gene expression (Figure 14,1B).
And EPCAM were highly expressed in malignant cells than
the other cells (Figure 1C,1D). As EPCAM, an epithelial cell
adhesion molecule and one of Wnt/beta-catenin signaling
components, was identified as a marker for stem/progenitor
cells, and serves as a prognostic marker, a therapeutic target,
and an anchor molecule on circulating and disseminated
tumor cells (CTCs/DTCs), which are considered the major

source for metastatic cancer cells (21,22).

Sorting of ICC stem cell groups

Subsequently, the CSCs in ICC were assessed using CD13,
CD90, and CD133 (Figure 2). And Grassi et al. recently
demonstrated that DLKI1, a non-canonical NOTCH
ligand, was discovered as a regulator of stem cell pools
and tissue differentiation in liver (23). According to the
t-SNE algorithm, the cholangiocarcinoma cells were
divided into the following five groups: CD13-positive CSCs
(14.74%), CD133-positive CSCs (18.72%), CD90-positive
CSCs (0.41%), DLKI1-positive cholangiocarcinoma cells
(18.01%), and other cholangiocarcinoma cells (48.12%),
respectively (Figure 24,2C). Then, dot plot exhibiting the
gene expression of different cell groups: ANPEP, SOXO9,
and ICAM1 were highly expressed in CD13-positive CSCs;
PCAM, PROM1 and NANOG were highly expressed in
CD133-positive CSCs; THY1 was most highly expressed
in CD90-positive CSCs; and CD44, DLK1, SOX2 and
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Figure 1 Sorting of intrahepatic cholangiocarcinoma cell groups. (A) Cancer stem cells in intrahepatic cholangiocarcinoma patients were
grouped by the t-SNE algorithm according to surface receptor markers; (B) pie chart for proportions of each cell group; (C) distribution
and expression levels of EPCAM, KRT7 and KRT'19 antigen positive cell groups; (D) surface antigen expression for cell groups. t-SNE,

t-distributed stochastic neighbor embedding.

APOC3 were most highly expressed in DLK1-positive
cholangiocarcinoma cell groups (Figure 2B).

Further, heatmap of highly variable genes for the five major
lineages presented that: FDCSP was highly expressed in
CD13-positive CSCs; ITTHS, SPINK1, FXYD2, HSD17B11,

© AME Publishing Company.

and SERPINAL were significantly upregulated in CD133-
positive CSCs; SAA1 was highly expressed in DLKI1-
positive cholangiocarcinoma; and PSCA, LY6D, KRT6A,
ALDH3A4, and AKR1C2 were significantly upregulated in
cholangiocarcinoma cells vs. other cell types. These findings

Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



1270

CSC_cD90

B

Zhang et al. Role of CSC heterogeneity in ICC

CSC_CDY0 ® . e o [ ]
CCA_DLK1 d hd
0
csc_coisl e o o Percent Expressed
. 40
® 60
o o ® &
3 o e H Average Expressi
& + Gacoon goroki @ @ © e e © . ° Y verage Expression
® CSC_CD% - "0
05
0.0
CSC_CD133-| o Y o o . -05
-304 -1.0
i
CSC_CD133 CCA [ ] [ ] [ ] [ ] L ] .
<«
-20 (;NEi 20 40 EPCAM KRT19 KRT7 CD44 DLK1 SOX2 PROM1 NANOG ANPEP SOX9 ICAM1 THY1 APOA1 APOC3
B Features
C N D Top 5 marker gence
an ANPEP I E— I
PSCA
LYeD
» AKR1C2
ALDH3A1
P ®om O, IZ KRT6A : v
SN 3 ' ITIHS5 Identity
B 0 SPINK1 @ CCA
-0 FXYD2 0 CSC_CD133
HSD17B11 CCA_DLK1
SERPINAT  CSC_CD13
- © CSC_CD90
o -0 0 3 E) £g SAAT
ISNE_1 KRT17
IGFBP7
COL1A1 Expression
THY1 PROM1
FN1 )
< FDCSP
co74 1
2 »
FaG
SNORA76 0
9, | ERI §: HLA-DRA
H y 10 -1
2 1 2 05 PRG4
0 00 SPARC
0 0 MT1G
ccoceo
COL3A1
0 )
&0 ET 5 g W &0
1SNE_1
E 15
cell e
N o~ _typ ] N
= z © CCA g €
2 2 « CCADLKI € 2 )
[} o} - 3 * N o * Naive
-3 =3 -+ Csc_cD13 -3
g g £ oM E * Recurrent
S 8 + csc_cDi3s § S
+ CSC_CD90
-1o 0 10 20 -0 0 10 20 -10 0 10 20 -10 0 10 20
Component 1 Component 1 Component 1 Component 1
CCA CCA_DLK1 CSC_CD13 CSC_CD133 CSC_CD90
15 .
é o CccA
10 5 © CCA_DLK1
~ * CSC_CD13
g 5 * CSC_CD133
E ® CSC_CD90
g o
S
8] @
-5
-10
-10 0 10 20 -10 0 10 20 -10 10 20 -10 0 10 20 -10 0 10 20

0
Component 1

Figure 2 Sorting of intrahepatic cholangiocarcinoma stem cell groups. (A) Clustering of cancer stem cells in intrahepatic
cholangiocarcinoma patients through the t-SNE algorithm based on surface receptor markers; (B) expression of tumor-associated genes
in different cell groups; (C) pie chart showing the proportions of each cell group among all cells in tumor samples; (D) expression levels of

different genes in different cell groups; (E) pseudotime analysis for paths of cell growth and development. CCA, cholangiocarcinoma; CSC,
cancer stem cell; t-SNE, t-distributed stochastic neighbor embedding.
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indicated that different expression levels of mRINAs in different
cell groups predict their different developmental trajectories
(Figure 2D). Moreover, the pseudotime trajectory axis derived
from Monocle 2 showed the dynamic characteristics and
heterogeneity of malignant epithelial cells: the cells in the
Naive group were mainly CD13-positive and CD133-positive
cells, while cells in the Recurrent group were mainly CD133-
positive cells (Figure 2E).

Signaling pathway analysis in different ICC cell groups

To further investigate the differences in signaling pathway
enrichment among various cell groups, we analyzed the
expression patterns of ANPEP, PROMI1, THY1, CEBPD,
HSF1, and STAT1 using pseudotime analysis. This analysis
revealed that the expression distribution of these genes
corresponded well with the distribution of the respective
cell groups (Figure 34). Consequently, the differentially
expressed genes were subjected to Hallmark gene set
enrichment analysis to identify key signaling pathways. In
summary, compared to cholangiocarcinoma cells, CSCs
exhibited significant upregulation of EMT-related genes
and downregulation of P53 pathway-related genes across
the three subgroups. Additionally, genes associated with
Notch signaling, Wnt/B-catenin signaling, and tumor
necrosis factor-alpha (TINF-0) signaling were notably
upregulated in the CD13, CD133, and CD90 subgroups,
respectively (Figure 3B,3C).

Interactions between ICC cell groups and differences in
transcription factors

Interactions between cell groups were analyzed using
CellChat, which revealed the intercellular communication
network among different cell clusters, indicating significant
changes in interaction strength and cell type (Figure 44).
To clearly illustrate the differences in interactions,
heatmaps were generated showing the relative expression
of components of interaction networks, including genes
in the EGF, HGF, Notch, WNT, and TGF-p pathways,
across different ICC cell groups. Specifically, EGF signals
may be transferred from cholangiocarcinoma cells to other
subgroups, such as the CD13 or CD90 subgroups; HGF
signals may be transferred from DLKI subgroup cells to
CD13 subgroup cells; Notch signals may be transferred
from CD13 subgroup cells to other cells; and WN'T signals
may be transferred from CD90 subgroup cells to other cell
groups (Figure 4B).
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Furthermore, the expression of transcription factors in
different cell groups was analyzed using SCENIC, which
indicated that CEBPD was highly expressed in the CD13
and CD133 subgroups, while HSF1 and STAT1 were
highly expressed in the CD133 subgroup (Figure 4C). The
expression distributions of these genes were also examined
using t-SNE analysis, and the results were consistent with
those of the differential ex-pression analysis (Figure 4D).

For further validation of the above results, we performed
THC to evaluate expression of cluster marker proteins and
related transcription factors in 10 ICC samples. The out-
comes showed that CD90 expression was restricted to a
few cells within ICC, while CD13 and CD133 were partly
expressed by ICC cells. In addition, approximately 50% of
tumor epithelial cells were positive for HSF1 or STATI,
which overlapped the cells positive expressing CD13 or
CD133 (Figure 4E).

Clinical prognostic ability of CSC subgroups

To assess the relationship between CSC subgroup
enrichment and patient prognosis, we selected the top 20
differentially expressed genes with elevated expression in
the three CSC populations (Figure 5A). First, ICC-related
data were obtained from the TCGA database. Patients
with cholangiocarcinoma in the TCGA cohort were then
clustered and scored using unsupervised clustering with the
ssGSEA tool. This process identified three CSC groups
(clusters A, B, and C) (Figure 5B).

Next, we evaluated the predictive value of CSC cluster
membership and marker gene expression for RFS. The
patients with high CSC133 expression had significantly
shorter RFS compared to patients with low CSC133
expression [P=0.02, hazard ratio (HR) =0.7568, 95%
confidence interval (CI): 0.3038-1.886]. Although the
RFS was also shorter in the subgroup with high CD90
expression, this difference was not statistically significant
(Figure 5C). Moreover, cluster A exhibited the shortest RES
among the highly enriched clusters (Figure 5D).

Additionally, pattern recognition analysis revealed the
relationship between the expression levels of different genes
and patient prognosis (Figure SE). In cluster A, most patients
were female, with tumors primarily located in the liver and a
few around the hilum, and a high recurrence rate. For cluster
B, none of the patients experienced recurrence; however,
none of the clusters showed distinct characteristics in the
disease course (Figure 5F). In summary, CSC heterogeneity is
closely associated with ICC prognosis.

Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



1272

Zhang et al. Role of CSC heterogeneity in ICC

A e - -
s orowt vt
© © .w :
& 5 4 i
® 100 o . . T e 1 o &
i N
5 . s - s : celLtpe
o s H Doss i S 1 - e
§ 5 - - § g0 ~ - - 2 - 5 - - coaput
£ o FRIES -— - £ H £ -7 \ IREE . . + cscoon
38 | 8 £ 38 £ . esccom
H g, \ H " csc.com
N, [ P .
o o1 R - o1 - - L8]
h Pseudo-time h Pseudo-time h Component 1 Pseudo-time
cesro - s
cesro et s
s s X s
¢
L] & P
* w0 © Tt ®
H £ § cel_tye
g < H = S s - W i S cen
H gt & vl H o 3 H § © conour
B e \ g 8, o X 5o [ * csocom
HEP \ [ R — H a 3 H § + csocoms
€ & & - csccom
L Y p— e [ S R -
e 5 g E] C I I R o 5 g ® L N SN R
Component 1 Preuo-tme Component 1 Peuto-tme
B CSC_COIVS CCA 5C_CO133 VS CoA CSC_comvS oA
e scn vevoouss [ ermeun uesevomin o (I
INTERFERON_GANMA_RESPONSE. ermea nesevcas evsmon [ e sovenc [
LT cocoess [ wocaces . [
L o e v sers oo scnc I scrreron cwnin reseors: [
iy o src: [
oG SGULG o proseroenanon | =
oo vevsousi sevront reeowse [
roe cem scvunc I seorross - [
aros
veocero scvn [
men sovuicva e [
rorsen sownc [
e aocron I
oeevos I
I o0, FROTEN RESPONSE o sER
L e uemsousy e METBOUSH
P s scu CHOLESTEROL_HOVECSTASI
P swsewe stz
ey -
I soroseness PRICAKTOR_SGNALNG T eosor
IR o e e e
FO s s o 12,590 SOWNG I o ANTOR SR
P e o s S [ o en e
T v R 140,
[ o cvconss P o
F ] e s e [y ap— B cawosseon
[ —. e B e s
Eor avass i o cosmasoems
e — fp— R ey
e — =
e O soposoess
[ P A IVE CXYGEN_SPECES, AATHWAAY
P wowisoue TSR F s oo sowne
P o mosomuron mpocs [ o o s
T e covce oS seaross ] owene mosmomon
N T - ! : ' ! eocscruoe :
( BILE_ACID_METABOLISM EPITHELIAL_MESENCHYMAL_TRANSITION IL6_JAK_STAT3_SIGNALING ANGIOGENESIS
. , . B
’ ) w W o )
-
. - AU
NI Nl 2 o 020
o o ; el
H Y e Bl (v ° 015
e 2 o 2 o010
~ 3 005
4“ ? ﬂﬂ 73“
0 0 ™
Y o W E G w© E o w© E 0 P
SNE_1 SNE_1 SNE_1 SNE_1
CHOLESTEROL_HOMEOSTASIS REACTIVE_OXYGEN_SPECIES_PATHWAY P53_PATHWAY APOPTOSIS
. .
x 2
AuC
& ~ 025
W o w o 020
2 H
@ a 015
. 010
- 0
50 0 0
o 0 ) 0 o 0 o
tSNE_1 tSNE_1 tSNE_1

o
tSNE_1

Figure 3 Signaling pathway analysis for different intrahepatic cholangiocarcinoma cell groups. (A) Pseudotime analysis of the expression and distribution
of ANPEP, PROM1, THY1, CEBPD, HSF1 and STAT1. Pseudo-time reflects the relative progression of cells along a trajectory and is dimensionless. (B)
Hallmark analysis of differentially enriched signaling pathways in cancer stem cells; (C) expression of related signaling pathways in different cell groups
according to t-SNE. CCA, cholangiocarcinoma; CSC, cancer stem cell; NES, Normalized Enrichment Score; GSEA, Gene Set Enrichment Analysis;

AUC, area under the curve; t-SNE, t-distributed stochastic neighbor embedding.

© AME Publishing Company.

Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



Translational Cancer Research, Vol 14, No 2 February 2025

1273

A Interaction weights/strength B Outgoing signaling patterns Incoming signaling patterns
=
Ew 1
3 g
CSC_CD133 Yard g I
CSC_CD90 b I H
. ) P 2 o
Number of interactions Joed
]
e
" i —
i H
orsufiihE f
e — i
& ]
& I —— :
e
s T e 8 8 5 T 2 8 8
8 ] a 2 g 5 a = a
© 5 § 8 S ° 5 8 8 g
3 3 d 3 8 2 q 2
o &) 8 o © &) a8 [}
C D CEBPD_26g CEBPD_26g
_CSC_CD90
CCA_DLK1
caltype Ia 7 Celltype o o
ccA
! °‘s-csc,com o

x
LF3_extended_44g
12 exendod 309
i ZNF281. oxtondod. 119
TaF7 o7
I TGIF1_extended_5tg
i TGIF1_54g
FOSL1_276g

KLF4_ 3499
KLF4_extended_55:

73 522
_extended_628g
JUNB_extended_527g

KLF6_extended_4169
JUND 529
STAT3_extended_263g
CEBPB_769
nwy II |‘ ” 4597
il uif AR 530"

IRF1_6:
STATS
639

KDMBA_1
CEBPD_exanded_t4dg

05
04
03

0

CCA DLK1

csc_co13
0SC_CD90

HSF1_18g

CSC_CD90

K1

1SNE 2

Identity

STAT1_73g STAT1_73g
. CSC_CD90
2 i L w - 05
- ‘%& C_CD13
o 5 00 o
02
-30: 02 ‘ ‘ .
40 =20 0 20 X o O
e & & & F T
& & &S

Identity

Figure 4 Interactions between intrahepatic cholangiocarcinoma cell groups and differences in transcription factors. (A) Cell-cell interaction;

line segment thickness indicates the weight (upper) or number (lower) of interactions between groups, and loops indicate autocrine

interactions. (B,C) The export (left) and input (right) signal patterns (B) and differences in transcription factors in different cell groups (C)

shown in heatmaps. The bars represent relative signaling strength, which is dimensionless and derived from normalized interaction scores.
(D) Violin plot showing the ex-pression of CEBPD, HSF1, and STAT1. (E) Representative IHC images for expression of CD13, CD133,
CD90, HSF1 and STAT' in ICC samples. For CK19, CD90, CD13 and CD133 staining, positive staining can be seen in the membrane
of the tumor cells, while positive staining of HSF1 and STAT1 can be seen in the nuclear of the tumor cells. (Original magnification x200;

inset shows an enlarged area at x400). CCA, cholangiocarcinoma; CSC, cancer stem cell; ICC, intrahepatic cholangiocarcinoma; IHC,

immunohistochemistry.

© AME Publishing Company.

Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



1274 Zhang et al. Role of CSC heterogeneity in ICC

A B Consensus matrix k=3

« Adjust P<0.01
« Adjust P20.01

61 .
FDCSP Pros
SPARC
PSCA MT1G “ccpeso
° LveD cQLaAT «—coL1At1
4 AKRIC2 ITHS COL1A2
KRT6A ALDH3AT saat — . oz i’;‘g:‘sn PLAZG2AT DON |
S100P  MT2A ° KRT17 2 SERPINAT— ¢ R s
@ ° SNCG °*FXYD3 IGFBP7 . o Wk oaLs *
gN, WFABPS o FN1 COLIAT e Delta area
o saay COND1 s or]
321 PMEPAf—~BLAT H
: excem 3 0s
e e
S 05
5041
< 03]
0 ccA ‘ 5"
H
201 .
= T —
2 ——.
00 T T T T T T
Cell type 2 3 4 5 6 7 8 9
k
C Strata < CSC_CD133_High == CSC_CD133_Low Strata <+ CSC_CD0_High = CSC_CDI0_Low
1.00 1.00
Sors Sors S
< < 2
> 3 >
" o »
1] 1] o
R I 2 2
=050 i =050 @ 0
o Q o
< 1) c <
o i 13 o
E ' E E
3 e 3 3
E 0.25 [ & 0.25 @ ..
P=0.02, ---
'
1
'
0.00 ' 0.00
0 5 10 15 20 25 30 35 40 45 50 55 60 0 5 10 15 20 25 30 35 40 45 50 55 60 0 5 10 15 20 25 30 35 40 45 50 55 60
Time, months Time, months Time, months
D Strata < cluster A == cluster B = cluster C E
1.00
Lo
2
5
?
o
g
&£
° 0.50
<3
c
e
2
o
& 0.25
0.00
0 5 10 15 20 25 30 35 40 45 50 55 60 . R
Time, months PRGcluster Gender Pathology.histological_type Event
Fisher test P=0.004 Fisher test P=0.65 Fisher test P=0.045 Fisher test P<0.001
100 100 100 100
075 075 075 075
050 050 050 050
025 025 025 025
0.00 0.00- 0.00- 0.00
clustera clusterB clusterC clustera clusterB clusterc clusterA clusterB clusterC. clusterA clusierd clusterc
Gender [ female [ male stage [l v [l v Pathology.histological_type [l astal [Jff mrancpatic [ periar Event [I] NoRrecurrence [ Recurrence

Figure 5 Clinical prognostic ability of cancer stem cell subgroups. (A) Upregulated differentially expressed genes in different cancer stem
cell subgroups. (B) Clustering and scoring of intra-hepatic cholangiocarcinoma-related data in the TCGA database were performed with the
ssGSEA tool. (C,D) Kaplan-Meier curves showing relapse-free survival in patients with high and low CD13/CD90/CD133 expression (C)
and in different patient clusters (D). (E,F) Pattern recognition analysis for the correlations of different patient clusters with sex, pathological
tissue, disease duration, and recurrence. CCA, cholangiocarcinoma; CSC, cancer stem cell; FC, fold change; CDE, cumulative distribution
function; TCGA, The Cancer Genome Atlas.

© AME Publishing Company. Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



Translational Cancer Research, Vol 14, No 2 February 2025

Correlation between CSC subgroup and immunity

To determine whether the CSC subgroup membership is
associated with immune features, we assessed the levels of
immune cells in clusters A, B, and C using CIBERSORT
analysis. Notably, cluster A, which exhibited a high
recurrence rate, had significantly reduced levels of activated
B cells, effector memory CD4 T cells, and neutrophils. In
contrast, cluster B, which had no recurrence events, showed
significantly increased levels of neutrophils (Figure 64).

We then calculated the immune score and stromal
score for all patients using the ESTIMATE algorithm.
The results indicated a significant correlation between the
stromal score and subtype classification (Figure 6B). Further
analysis of immunotherapy-related gene expression revealed
high levels of CD276 and NRP1 in clusters A and C, while
TNFRSF25 expression was markedly decreased in these
clusters (Figure 6C).

Using CIBERSORT to calculate immune cell scores
for ICC patients in the TCGA database, we found that
CD133 expression negatively correlated with effector
memory CD4 T-cell levels. Conversely, CD90 and CD13
expressions positively correlated with the levels of most
cell types (Figure 6D). Overall, the heterogeneity of CSCs
may be associated with variations in immune cell profiles,
suggesting potential implications for immuno-therapy in
ICC patients.

1275

Drug sensitivity in CSC subgroups

To assess the sensitivity of different CSC subgroups to drugs,
we predicted the sensitivity of different CSC subgroups to
drugs via the pRRophetic tool. According to the prediction
results, among the groups, the CD13-positive subgroup had
significantly lower IC;, values for etoposide (Figure 7A4),
GDC0941 (Figure 7B), and pazopanib (Figure 7C);
the CD133-positive subgroup had significantly lower IC;,
values for OSI.906 (Figure 7D) and lapatinib (Figure 7E);
and the CD90 subgroup had notably decreased sensitivity
to midostaurin (Figure 7F), CMK (Figure 7G), AZD7762
(Figure TH), and BX.795 (Figure 7I).

Discussion

In this study, we employed scRNA-seq to comprehensively
delineate the transcriptomic landscape of human ICCs.
Five clusters (DLK"*, CD13*, CD90*, CD133", and other
cholangiocarcinoma cells) were observed in ICC, which
presented different signaling pathway activities, such as
HSF1 and STAT1 were highly expressed in the CD133
cluster, and consistent with the results of IHC tests. And
signaling, like Notch and Wnt/p-catenin, transferred
between above subgroups. Further, subgroups favored
varied immune response and drug sensitivity, with CD133"
patients experiencing significantly shortened RFS. These

A PRGeluster [l clusterA B cluster8 Bl clusterC
ns ns ns ns ns ns . ns . ns * ns ns ns ns * ns
* *
s ol i
o e TR
§° ; . o
o - p—*
=t : ) "
25 o ek " R R ot b
bl = .
0.0
L T R R S S S B S PCA a
INEPECRIO S S R O S MR R P O
& 0500 0600 S dOQ dc’o Gl P RS R P & N PSS
S & @ o & ¢ @ CHIC N S & @ b
TSV LTS @@ T & T8
S s & & & & P © ¥ ¢ & ¢S & < 9
Y S s < ‘* B « o
& 9 o 2
& & &€ (&é’ 006; & Q&
PPPPPPPPPP W custes B custers B clusteC
B e 8 o B8 o 8 s C
nnnnn "
é
nnnnn £
&
nnnnn * .
nnnnn —_— S e e =  emms "-."'
m-«”\iw‘“ o o ﬁw‘e&w ,&0“@ o ot o o e o mf“éﬂa
© AME Publishing Company. Transl Cancer Res 2025;14(2):1265-1281 | https://dx.doi.org/10.21037/ter-24-1286



Relationsblp batwwen CSC,_ED133 xnd Eﬂmn mmmmm ry CD4 T cell Relationship batwean CSC._CO13 e Matarl Mo T_coll
Lt 23 =36 d34) - 262.P - 0.0, P 0.1, Gl 009, 0651 - 36

Efector mamory_CD4.T_cal
Natural_ler_T_coll

“ esceon

“ esceom

L

Relationship between CSC_CD90 and Immature_dendriic_coll

Relstionship botwsen CSC.CO13 and Gentral_memry. CD4.T._colt
. 060,124 [0.34,0.78] A

224, =003, Frurs =036, i 003,062, 1, encne34) = 442, P<0.001 P

Contral_momery_CD4_T_call
Immature_dendritc_cll

“ esceon

Relationship between CSC_CD90 and Macrophage
o 34) = 3.96.P <0001 v 0.5, Cl, 029, 0.75) e = 36

Relationship between CSC_CD90 and MDSC
Honed34) = 2.42. P = 0.02 Ty = 038, Cla [0.06.0.63). 7y 36

uosc

" csc.coso P
o) 113 B 035 C45 .06 - 141

-4 I -0z i P

Immaturo_dondritc_col

Noutrophil

Contral_momery_CDB_T_call

Ralaionship batween CSE_C013 st donitic_col

.-.H.i_;_.

a4 262.P - 001, D= 041

Zhang et al. Role of CSC heterogeneity in ICC

Relsionship batwsan CSC. €013 e Cantrnl momony COA.T ot
. nd34)=217.9 - 0.08 P =035, Cly 002,061 s 36

.-.H.LJ_.

o)

Contrslmamory_CO8_T_coll

esc_con
B 07 I 033 L BOL

esc_con

Relationship between CSC_CD90 and Neutrophil

Reltionstip between CSC_CD0 and Natural_KilerT_cel
Cliex 1009,065). 7= 36 o o 34) =428, 0001 P

- 055, Clox 033,077 -

Nturaliler_T_coll

" csc_com terotcsses " esc_cos st e
57152 R 058 CL 009,085 - 141 o5 -5.41 R 055 CL 033,076 - 141

Relationship batusen GG, G080 and Contrl_memary_C08_T_csl
v )~ 457, P <0001 P ~ 082, Clon 1037, 0.79) e~

Relationship between CSC_CD90 and c.m..u _memary_C04T_cal
o34 =511, P <0001 Zncn - 066, Cls 104

Contral_memary_CO4_T_cal

Figure 6 Correlations between cancer stem cell subgroups and immune features. (A) CIBERSORT analysis method for observing immune
cells in cluster A/B/C; (B) ESTIMATE algorithm for calculating immune and stromal scores in the 3 groups of patients; (C) observation
of the expression of genes related to the immunotherapy response in the three groups; (D) CIBERSORT for calculating the correlation
of cholangiocarcinoma immune cells with the CD133, CD13, and CD90 subgroups in the TCGA cohort. The bars represent the number

of samples. *,
suppressor cells; TCGA, The Cancer Genome Atlas.

findings underscore the clinical potential of delineating ICC
subgroups to predict prognosis and drug resistance, paving
the way for personalized therapeutic strategies in ICC.

The initiation of cancer is stochastic, and cancer
development and progression do not follow a fixed
procedure. In other words, cancer development is dynamic
and continuous, which causes tumor heterogeneity. Cancer
cells have distinct molecular profiles that play a major
role in disease progression and treatment failure. Tumor
heterogeneity confers different proliferation and metastatic
abilities to cancer cells, as well as different sensitivities
to drugs (24). Notably, scRNA-seq, has emerged as an

© AME Publishing Company.

P<0.05; **, P<0.01; ns, not significant. PRG, prognostic-related genes; CSC, cancer stem cell; MDSC, myeloid-derived

effective and accurate tool for directly investigating
intratumorally heterogeneity in samples from patients with
a variety of cancers, such as lung and prostate cancers, and
has facilitated great advancements in cancer treatment and
prognosis evaluation (25). However, there are few studies
on CSC heterogeneity, especially CSC heterogeneity in
ICC. Yet, scRNA-seq data on ICCs are now available.

By analyzing scRNA-seq data on ICCs, CSCs accounted
for 33.87%, aligning with prior findings by Cardinale
et al. (26). Further analysis indicated that CD13, CD90
and CD133 could divide CSCs into three subgroups. The
hepatocyte marker genes of CD90" subgroup cells are
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APOALI and APOC3 (27), indicating their bidirectional
differentiation potential. The expression levels of the
proliferation-associated gene NANOG were significantly
increased in the CD133" subgroup (28), and the expression
levels of the metastasis- and differentiation-associated gene
SOX9 were notably increased in the CD13" subgroup (29),
indicating differences in the proliferation, differentiation,
and metastasis abilities of these subgroup cells. Therefore,
CSCs can be distinguished using CD13, CD90 and CD133,
and we confirmed the heterogeneity of these tumor cells in
clinical samples.

After further analysis, the EMT pathway was enriched in
all three subgroups of CSCs relative to cholangiocarcinoma
cells, while the P53 pathway was significantly downregulated,

© AME Publishing Company.

suggesting that CSCs have increased metastatic ability
and decreased apoptosis (30). In addition, Notch signaling
was significantly enriched in the CD13" subgroup, Wnt/
B-catenin signaling was enriched in the CD133" subset,
and TNF-a signaling was enriched in the CD90" subset.
Notch signaling is associated with cell differentiation and
metastasis (31), Wnt/B-catenin signaling is correlated
with cancer cell proliferation (32), and TNF-a signaling is
involved in regulating immune regulation (33). According to
the expression profile of transcription factors, CEBPD and
STAT1 were most highly expressed in the CD13" subgroup.
Previous studies have shown that CEBPD can initiate the
expression of proteins involved in cell differentiation (34),
and STAT1 is involved in apoptosis (35). Moreover, HSF1
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was most highly expressed in the CD133" subgroup. HSF1
is a transcription factor that resists cellular stress and is
utilized to drive cell proliferation in a variety of cancer
cells (36). The analyses of transcription factor levels and
signaling pathway enrichment suggested that the CD13"
subgroup may have greater metastatic and differentiation
abilities, the CD133" subgroup may have greater proliferative
ability, and the CD90" subgroup may include tumor cells
that escape immunity. Interestingly, according to the
pseudotime analysis, we observed the reverse differentiation
of cholangiocarcinoma cells into CD13*, CD90" and CD133"
cells in ICC. Choi et al. have also revealed this phenomenon
and suggested that it may be caused by tumor cell evasion of
the immune response or hypoxic environmental stress (37).

Based on pseudotime analysis, the impact of CSC
subtypes on lymph node metastasis and recurrence varied.
Consequently, we performed unsupervised clustering of
online data using our defined hallmarks and found that
CD133" cell levels were strongly associated with RFS in
patients. Yamashita e a/. previously reported that CD133
expression was a poor prognostic factor in human lung
adenocarcinoma, correlating with significantly shorter
RFS (38). Similarly, Tachikawa ez al. observed that positive
CD133 expression was strongly linked to shortened RFS
and high recurrence rates in colorectal cancer patients
following chemoradiotherapy (39). Razmi e 4l. also have
shown that in ICC patients, higher CD133 expression
is associated with increased metastasis and recurrence
rates, with patients displaying elevated CD133 levels
experiencing shorter overall survival (OS) and RFS (40).
Opverall, CD133 is a prognostic risk marker across multiple
cancers, supporting the credibility of our predictive model
in this study. Furthermore, immunotherapy-related gene
expression varied among the three clusters, suggesting
that CSC heterogeneity may influence immunotherapy
response. Using the pRRophetic tool, we predicted drug
sensitivities across CSC subgroups (41,42), with results
indicating that the three clusters also differed in their
sensitivity to specific drugs.

This study holds considerable potential to advance the
field by offering a foundational understanding of CSC-driven
mechanisms in ICC. By precisely identifying the molecular
characteristics and unique signaling pathways of specific
CSC subtypes, we provide critical data for designing targeted
therapies that address these CSC subpopulations, potentially
leading to more effective and individualized treatments.
Additionally, our approach in identifying prognostic
biomarkers within CSC subpopulations enhances our ability

© AME Publishing Company.
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to predict ICC outcomes and tailor treatments accordingly.
Despite these advancements, several knowledge gaps remain.
While our study has demonstrated the existence and roles
of distinct CSC subpopulations in tumor progression and
resistance, the mechanisms by which these CSC subtypes
interact with the immune microenvironment and evade
immune surveillance are still unclear. Additionally, our
understanding of how CSC subtypes dynamically respond
to treatments iz vivo is limited. To address these gaps,
future studies could incorporate multi-omics approaches,
such as spatial transcriptomics and proteomics, to gain a
comprehensive view of CSC interactions within the tumor
microenvironment. Moreover, iz vivo and in vitro models
will be essential for elucidating the specific contributions
of CSC subtypes to ICC progression, treatment response,
and resistance. Looking ahead, we foresee significant
advancements in CSC-targeted research within ICC over the
next 5 years. As scRNA-seq technology and computational
methods evolve, they are likely to provide even deeper
insights into the molecular dynamics of CSCs, uncovering
novel therapeutic targets and refining our understanding of
the tumor microenvironment. Integrating scRNA-seq data
with clinical datasets could also enable the development of
more accurate prognostic models and improved prediction
of treatment responses, facilitating personalized medicine
for ICC patients. We also anticipate that novel CSC-specific
therapeutic targets will emerge, paving the way for more
precise and effective interventions against CSC-driven ICC
progression.

This study has certain constraints that should be
acknowledged. First, while scRNA-seq provides detailed
snapshots of gene expression, it does not capture the temporal
dynamics of CSC populations, which may change in response
to treatment or disease progression. Furthermore, our study
focused on specific CSC markers (CD13", CD90", CD133"),
which may not encompass the full spectrum of CSC diversity
within ICC. Although we validated the expression of these
CSC subgroups in human ICC specimens through IHC,
further in vivo and in vitro studies are needed to confirm the
differential roles of CSC subtypes in tumor progression.
Expanding the marker panel and conducting longitudinal
studies would also strengthen these findings.

Conclusions

In summary, we identify CD13, CD90, and CD133 as key
biomarkers for distinguishing CSC heterogeneity in ICC and
suggest that the distribution of these subgroups correlates
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with differences in tumor progression, drug sensitivity, and
RFS. We believe this study provides a timely contribution
to ICC research; by advancing our understanding of CSC
subpopulations and their roles in ICC progression, we are
one step closer to developing therapies that can effectively
target this aggressive, treatment-resistant cancer, ultimately
improving patient outcomes.
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